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 A B S T R A C T

Process mining involves analyzing event data from business process executions to uncover valuable insights. 
Although obtaining meaningful results is crucial for any process mining initiative, there is still little under-
standing of how process analysts derive these insights. In this paper, we fill this gap by characterizing findings 
of process mining analysis, the processes that lead to these findings, and the role of process mining expertise 
in guiding these processes. To this end, we leverage empirical data from a study with process mining analysts, 
including user interactions from process mining tools and inference steps from think-aloud protocols. Our 
empirical insights provide a comprehensive understanding of how analysts interact with process mining tools, 
highlighting approaches that lead to valuable findings. The results of our analysis lay the groundwork for the 
design of tools and visualizations that can support process analysts in their analysis and reasoning processes.
1. Introduction

Information systems produce large volumes of data that are in-
creasingly used by organizations to gain insights into their (business) 
processes and inform strategic decisions [1]. Among the many an-
alytical techniques available, process mining (PM) techniques stand 
out for their capability to analyze and visualize data from a process-
oriented perspective, capturing the temporal sequence of events for 
distinct instances [2]. By analyzing event logs with the help of various 
tools, process analysts can gain transparency into the actual flow 
and performance of processes, identify inefficiencies, and recommend 
improvements [3].

Like other analytical disciplines [4], PM inherently relies on the 
active engagement of users, such as process analysts, to derive insights 
from raw event data [5]. In goal-oriented initiatives, process analysts 
typically focus on finding answers to specific questions or aspects to 
improve [6]. Instead, in exploratory settings, analysts tend to follow an 
open-ended approach, often starting from the process model discovered 
from the event log and looking for ‘‘something interesting’’ that can 
reveal meaningful patterns or anomalies [7].

Although all of these findings of a PM analysis can be of great 
value to an organization, the journey from raw event data to actionable 
insights is far from straightforward [8]. To arrive at findings, process 
analysts must explore different scenarios, generate hypotheses that can 
explain their observations, and, iteratively, find evidence in the data 
that can confirm or disprove their hypotheses [9,10]. This so-called
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process of process mining is complex and knowledge-intensive, as each 
finding that emerges during the analysis can trigger an ‘‘aha’’ moment 
that guides the analyst in their next analysis step.

Understanding these steps is crucial: it provides valuable insights 
into the findings themselves as well as into how process analysts 
arrive at these findings through their interactions with process mining 
tools and their reasoning [11]. Such insights can facilitate knowledge 
sharing among analysts regarding their strategies [12,13], and inform 
the design of process mining tools and visualizations that better support 
analytical reasoning [14].

In this paper, we aim to enhance our understanding of the process of 
process mining by focusing on how process analysts arrive at findings, 
i.e., the units of information that they identify as conclusive results of 
their analysis.

To this end, we define the following three research questions (RQs).

RQ1 How do findings manifest in process mining analyses?
With this question, we aim to characterize the types and quality 
of single findings, focusing on what process analysts find worth 
reporting as a result as well as how these findings develop during 
the analysis process.

RQ2 What are the analytical and inference processes leading to these 
findings?
With this question, we explore the processes that lead to findings, 
examining both the analytical steps performed within PM tools 
and the inference steps that guide the analysts’ reasoning flows. 
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To gain a complete picture of how analysts navigate and interpret 
data to arrive at (relevant) findings, we break this question into 
three parts. First, we examine how PM tools are used and how 
their use is linked to findings (RQ2.1). Next, we explore the 
analytical steps leading to findings, focusing on the sequences of 
actions carried out by analysts using these tools (RQ2.2). Finally, 
we explore how inference steps contribute to discovering findings 
during the analysis (RQ2.3).

RQ3 What is the role of process mining expertise in the discovery of 
findings?
With this question, we investigate whether and to what extent 
PM expertise influences the type and quality of the findings 
discovered and the analytical and inference steps leading to them.

To address RQ1–RQ3, we conducted a user study with 22 process 
analysts who have varying levels of PM expertise. Each participant 
analyzed a real-life event log using a process mining tool of their choice 
while thinking aloud [15]. This approach allowed us to collect multiple 
sources of empirical data, which we combined into a comprehensive
multi-perspective dataset. This dataset includes both observable behav-
ior, such as the analysts’ high-level interactions with PM tools, and 
their inference processes, reflected in their verbalized reasoning. The 
richness of our dataset allowed us to investigate how analysts arrive at 
findings from different angles, combining tool interactions with their 
underlying thought processes.

Our contributions include a characterization of findings in PM anal-
yses and an overview of the analytical steps that analysts take to derive 
these insights. We also explore the role of PM expertise in this discovery 
process. Previous research has primarily relied on interviews to study 
analysis strategies [10], challenges faced by individual analysts [8], 
and PM adoption in organizations [16]. To the best of our knowledge, 
this is the first study to use behavioral data to investigate a complete 
PM analysis, from data understanding to the discovery of findings. 
Moreover, our multi-perspective dataset allows us to study the behavior 
of process analysts on a fine-grained level, which cannot be achieved 
from retrospective reporting.

The results of this work can guide the development of interactive 
visualizations that align with the inference processes and analytical 
workflows of process analysts, potentially leading to more efficient 
decision-making. Moreover, by addressing the analytical challenges 
presented by such a rich but complex dataset, our research can inform 
joint efforts between the PM and visual analytics (VA) communities 
to develop tools that support the analytical capabilities of process 
analysts. This collaboration can lead to more effective, intuitive, and 
powerful VA tools for better insights and decision-making in PM.

2. Background and related work

We begin with a brief introduction to process mining in Section 2.1. 
We then define the term finding as used in our work in Section 2.2, and 
discuss relevant studies in both PM and VA in Section 2.3.

2.1. Process mining: A short introduction

Process mining is an interdisciplinary field at the intersection of data 
science and process science. Its main goal is ‘‘to improve operational 
processes through the systematic use of event data’’ [2]. As such, it pro-
vides a set of techniques that take event records of process executions 
as input and serve process discovery, conformance checking or process 
enhancement use cases. Such event records capture the execution time 
of relevant events for a specific instance of a process. Events can be 
linked with attributes related to the event itself (e.g., an amount paid, 
can be linked to a payment event) or to the instance to which the 
event belongs (e.g., the type of a car, linked to a traffic fine ID that is 
processed). In PM, a structured collection of events related to a set of 
process instances is called an event log. Event logs contain information 
2 
on all the events (also called ‘‘activities’’) executed for a specific process 
instance (also called ‘‘case’’) and are the main input for PM analyses.

To support process analysts in their work, there are many commer-
cial and open-source tools available. PM tools are often interactive and 
provide many ways to analyze a process through visualizations such as 
process models, bar charts, and density plots [17]. One commonly used 
representation in PM is the directly-follows graph (DFG), which depicts 
the process flow in a graph-like structure [18] (see an example in 
Fig.  1). Many tools feature a Process Explorer, an interactive interface 
that visualizes the DFG, often enhanced with frequency or performance 
metrics. Analysts can interact with the DFG by filtering out infrequent 
behavior, highlighting specific events, or adjusting the level of detail. 
Many tools also include a Variant Explorer, which groups cases in the 
event log based on their execution sequence, allowing analysts to com-
pare different trace variants. Many other (visual) analysis operations 
can be applied to event logs, depending on the tool used [19,20].

Although PM tools provide a variety of functions, it is up to the 
analyst to perform the ‘‘right’’ tasks and iterate through different anal-
ysis phases [21]. As such, the success of a PM analysis depends on the 
analyst’s technical expertise, their understanding of the domain, and 
their active collaboration with process stakeholders [22].

2.2. Findings and insights

A finding is ‘‘information that is discovered as the result of re-
searching into something or examining a specific problem’’.1 Many 
analytical disciplines, including PM and VA, aim to develop methods 
and tools that enable analysts to extract meaningful findings from 
data to address specific domain problems. VA, in particular, combines 
automated analysis techniques with interactive visualizations to help 
analysts synthesize information, discover unexpected patterns, and ef-
fectively communicate insights [23]. Given this strong emphasis on 
deriving insights from data using interactive tools and techniques, in 
this work we refer to the notion of finding from VA.

In this field, different definitions of finding exist, which, in some 
cases, overlap with the definition of insight [24]. For Sacha et al. [9] 
a finding is ‘‘an interesting observation made by an analyst using the 
VA system’’ that originates from exploration and is independent of the 
problem domain. Instead, an insight results from a verification loop 
and comes with ‘‘an interpretation in the problem domain’’ driven 
by domain knowledge. Saraiya et al. [25] define an insight as ‘‘an 
individual observation about the data’’, while North [26] refers to 
insights as answers to questions about the data.

In this paper, we define ‘‘findings’’ as conclusive insights or po-
tential answers to an analysis question that process analysts explicitly 
recognize as significant. Since our definition assumes that a finding 
is linked to the problem domain, it aligns well with the definition of 
insight by Sacha [9] and North [26]. The main difference is that we also 
consider potential answers as findings since, in our study, we document 
all the answers reported by participants, regardless of their correctness.

The findings that can be obtained with PM vary depending on 
the specific question being asked. This is well-reflected in case study 
reports. For example, Klinkmüller et al. [20] analyzed reports from 
Business Process Intelligence (BPI) Challenges2 and found that process 
discovery is the most popular domain problem in PM. As a conse-
quence, process models and the control flow patterns derived from 
them are among the most commonly reported findings. This aligns with 
the work of Stein Dani et al. [6], which highlights that common findings 
include discovered process models, but also high waiting times and data 
quality issues. However, as noted by Koorn et al. [27], there is still little 

1 Finding. In Oxford Learner’s Dictionary https://www.oxfordlearnersdictio
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agreement on what constitutes a meaningful outcome of a PM analysis, 
as this largely depends on the analysis question, the techniques used, 
and the needs of the target audience of these findings. This diversity 
in the reported results also reflects the variability of the spontaneous 
findings analysts gain during their analysis and the steps they follow to 
derive them.

2.3. Analyzing the behavior of process analysts

Our paper is related to work in the area of PM and, more in general, 
VA that investigates the behavior of (process) analysts.

Closely related to this paper, are works using interaction and think-
aloud data to investigate the behavior of individual PM analysts. In 
our previous work, we investigated initial exploration practices using 
interaction and think-aloud data collected from 12 process analysts [7]. 
Our study focused on the processes followed by analysts in an open 
exploration setting, i.e., before an analysis question is posed. We iden-
tified three patterns of behavior among analysts: (i) those who focus 
on understanding data in a top-down manner, anchored in domain 
knowledge, (ii) those who start from the raw data and focus on de-
scriptives, and (iii) those who compare different subsets of the log to 
make sense of the data. The work by Sorokina et al. [11] presents the 
PEM4PPM model, which captures the process of process mining from a 
cognitive perspective. The model is developed from error minimization 
theory and then refined and validated using interaction and think-aloud 
data collected from PM students and experienced analysts. The authors 
derived four cognitive strategies followed by analysts based on whether 
they engage in data interpretation, hypothesis making, and hypothesis 
testing steps. A key result of their analysis is that experienced analysts 
tend to go through all these steps, which leads to higher-quality results. 
Van Daele and Jannssenswillen [28] conducted an empirical study 
with 11 students completing 33 assignments using R,3 examining the 
steps and actions taken during exploratory data analysis. The authors 
identified 20 actions across preparation, analysis, and debugging steps, 
including ‘‘executing code’’, ‘‘manipulating data’’ and ‘‘evaluating re-
sults’’. Interestingly, the ‘‘evaluate results’’ action was often followed 
data summary or plot preparation/viewing actions, suggesting that 
analysts need to summarize and visualize the data before deriving 
results. The discovered strategies align well with strategies and tasks 
discovered in VA analysis reports, for example the strategies in [29] or 
the goals in [30], which further motivates the need for collaboration 
between researchers in these fields.

Although these works shed light on various aspects of process ana-
lysts’ behavior, they either focus on a specific analysis phase, such as 
initial exploration [7], or examine user behavior from a single perspec-
tive in isolation, i.e., either interactions [28] or cognitive steps [11]. 
Furthermore, they do not characterize analysis findings or investigate 
the full process leading to these findings, considering both the analyt-
ical and cognitive steps taken by analysts. At last, these studies report 
on user interactions within a single tool, e.g., Fluxicon Disco, which 
may provide a limited perspective on user behavior.

A recent stream of research has focused on studying PM practices 
from analysis reports or expert interviews. For example, Capitàn-Agudo 
et al. [19] examined the BPI Challenge reports to uncover common 
operations used to answer performance questions. Interview studies 
have been conducted to explore analysis strategies [10] and the chal-
lenges faced by individual analysts [8] or by organizations adopting 
PM [16,31]. Although these works uncover unknown aspects of PM 
practices, they rely on retrospective reporting and, as such, do not allow 
one to study the real-time unfolding of interactions and reasoning steps.

Recently, Abb and Rehse proposed a model to describe user be-
havior from low-level user interactions captured in UI logs [32]. In a 

3 R: https://www.r-project.org/about.html.
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similar vein, Rebmann et al. [33] have provided an approach to trans-
form such UI logs into suitable format for PM analysis. Although these 
works fall under the broader umbrella of user behavior mining [34], 
the authors propose methods to record and analyze data from lower-
level tasks, with the ultimate goal to improve tool usability or automate 
task execution [35]. Our work sets itself apart both in its objective and 
the data sources we used. Rather than proposing a method to capture 
interaction data, we aim to understand the analytical and reasoning 
processes of analysts from an empirical perspective. Moreover, we use a 
multi-perspective dataset that integrates interaction traces with think-
aloud data, and allows us to abstract beyond specific UI actions and 
tools.

In visual analytics, extensive research has focused on analyzing 
user interaction logs to identify patterns and reasoning strategies from 
interaction data [36]. Analytic provenance, in particular, has become 
a cornerstone of VA, guiding the creation of tools and systems for 
capturing, encoding, recovering, and reusing user interactions [12]. 
However, most of these systems consider a one-dimensional interac-
tion log reflecting the user’s actions in a specific system and focus 
on extracting interaction patterns and user profiles from low-level 
interactions (e.g., [37,38]). Our work diverges by adopting a multi-
perspective approach to gain a deeper understanding of the analysis 
process. Instead, our work is more closely related to the paper of Yu 
et al. [39], who considers three complementary interaction sequences 
extracted from an interaction event log: interface events reflecting the 
creation/deletion of an interface element, interaction events reflecting 
the users’ interactions with these elements, and attribute change events 
reflecting the contextual details of these interactions and the content 
of the exploration. However, their approach does not explicitly capture 
the hypotheses made and tested during the analysis. We address this 
gap by incorporating think-aloud protocols, which allow us to enrich 
and validate the exploration strategies derived from system interaction 
logs. Guo et al. [40] also conducted a similar analysis, examining 
findings uncovered by data analysts using a VA system. They combined 
quantitative and qualitative analyses of high-level user interactions 
from screen-capture and think-aloud data, finding that exploration 
actions (‘‘show me something else’’) are positively correlated with 
insights, whereas filtering actions (‘‘show me something conditionally’’) 
are negatively correlated.

In this paper, we focus on different actions specific to the behavior 
and reasoning of PM analysts, enhancing the understanding of the 
analysis process through a comprehensive multi-perspective approach.

3. Method

In this section, we first describe the design and execution of our 
study with process analysts (Section 3.1) and, then, report on our 
coding and data preparation (Section 3.2).

3.1. Study design and execution

To address RQ1–RQ3, we designed a user study observing process 
analysts as they engaged in a PM analysis using a mixed-methods 
approach [41].
Study design. Our study included an analysis session with think-
aloud [15] and a follow-up questionnaire. We aimed to involve 
participants with varying levels of PM expertise and hands-on expe-
rience with event log analysis. To participate, individuals needed to 
have (i) analyzed at least one real-life event log in the two years prior 
to the study; (ii) knowledge of at least one PM tool among bupaR, 
Celonis, Disco, Pm4Py, and ProM; (iii) experience with at least one 
PM project where third party data was analyzed. These requirements 
allowed us to exclude novices, but still include participants with dif-
ferent backgrounds and levels of PM expertise in order to gain a broad 
understanding of analyst behavior.

https://www.r-project.org/about.html
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Fig. 1. Directly-follows graph derived using Fluxicon Disco after selecting the 8 most frequent variants of the RTFM log, which cover 145,423 cases out of the original 150,370.
For the analysis session, participants analyzed the road traffic fine 
management (RTFM) event log [42], a real-life log with 561,470 events 
and 150,370 cases that records the process of managing fines by 
the Italian police. We selected the RTFM log because it is large but 
relatively structured, which makes it accessible using PM tools without 
the need for extensive preprocessing. The (normative) process in the 
RTFM log begins with a Create Fine event, which specifies the amount 
of the fine to be paid. Then, event Send Fine triggers a notification letter 
to the offender, which incurs some postal expenses and whose receipt 
is documented by an Insert Fine Notification event. Offenders can pay 
their fine at any time, as indicated by the Payment event and its pay-
mentAmount attribute. A totalPaymentAmount attribute associated with 
this event tracks the cumulative amount paid over all the Payments. 
If the payment is not received within 60 days, the offender receives a 
penalty (Add Penalty), which doubles the amount to be paid. Offenders 
can appeal against the fine to a prefecture or judge, which is recorded 
in the events Insert Date Appeal to Prefecture, Send Appeal to Prefecture
and Notify Result Appeal to Offender, and Appeal to Judge. A dismissal
attribute indicates if the fine is overturned. Finally, Send for Credit 
Collection indicates that unpaid fines are sent to a collection agency. An 
important temporal constraint in the process allows the offender to not 
pay if the fine is sent by the police later then 90 days after the offense. 
If the offender pays the full fine amount, including postal expenses and 
penalties, the process ends with a positive outcome. In all other cases, 
the fine is considered unpaid. Fig.  1 shows the directly-follows graph 
(DFG) discovered from the eight most frequent variants of the RTFM 
log.

In the RTFM log, non-payment is a central phenomenon of interest, 
and unpaid cases, including partial payments, constitute the majority 
of the data, i.e., more than 70% of the cases in the log. Therefore, we 
asked participants to answer the following analysis question (AQ):

‘‘Can you identify at least three circumstances in which traffic fines 
are not paid in full? If possible from the data, can you provide 
reasons that explain such circumstances?’’

The first part of the AQ was intentionally broad to allow many 
scenarios to fit as possible answers, while the second part aimed to 
encourage in-depth analysis. Some common scenarios we anticipated 
4 
as answers based on the literature [43] and our own analysis of the 
log included: (i) cases where offenders are exempt from paying their 
fine because it was sent later than 90 days, (ii) successful appeals to 
the prefecture or judge, (iii) partial payments due to overlooked postal 
expenses or penalties, and (iv) fines that remain unpaid and are send 
for credit collection. From Fig.  1, it is possible to see that some of the 
described scenarios match frequent endpoints in the DFG.

For the analysis, participants could use a selection of commonly 
used PM tools: bupaR [44], Celonis,4 Disco,5 Pm4Py [45], and ProM
[46]. These tools vary in terms of built-in functionality, customization 
options, and implementation of advanced PM techniques. We chose 
them because they were the most frequently used in reports from 
BPI Challenges. We considered BPI Challenges as a reference as they 
are a widely recognized event in the PM field, they appeal to both 
practitioners and academics, and include questions similar to our AQ.
Materials. Following the description of the RTFM log provided in [42], 
we created a document outlining the main activities, the data at-
tributes, the temporal constraints and business rules to be respected 
by the process, and a conceptual data model of the log. This docu-
ment could be referenced by participants throughout the session as a 
source of domain knowledge. Furthermore, we designed a follow-up 
questionnaire, in which participants could describe the circumstances 
and reasons they found in free text, skipping items if needed.
Study execution. The analysis sessions took place between May and 
July 2021 via virtual meetings. Before each session, we screened par-
ticipants for participation requirements and collected their consent 
and demographic information. On the scheduled day, we introduced 
participants to the session and gave them access to a remote desk-
top environment with the study materials and tools. We instructed 
participants to verbalize their thoughts in a think-aloud manner as 
they performed the analysis, focusing on explaining what they were 
observing or doing, and why. Our goal was to gain insights into their 
reasoning steps, e.g., what they observed or what they hypothesized, 

4 https://www.celonis.com.
5 https://fluxicon.com/disco/.

https://www.celonis.com
https://fluxicon.com/disco/
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Table 1
Demographics of the 22 study participants. ID is a unique participant identifier; Role is the job role of the 
participant; Experience are the years of experience in process mining; Expertise is the self-reported process 
mining expertise; # Projects is the number of PM projects where the participant analyzed third party data;
Tool is the tools used for the session; Task time is the total time spent in the analysis session. The gray 
background highlights participants with Basic or Average expertise, which we later refer to as non-experts.
ID Role Experience Expertise # Projects Tool Task time
1 Product lead 2 Good 1 Celonis 32.5
2 Research 2 Average 1 Disco, ProM 44.3
3 Professor 10 Advanced 6–10 Disco 42.2
4 Senior consultant 3.5 Good >20 Celonis 33.3
5 Freelance consultant 8 Advanced 6–10 Disco 43.6
6 Assistant professor 8 Advanced 2–5 ProM 39.9
7 Partner relationships 1 Basic 1 Celonis 35.2
8 Product development 3 Good 10–20 Celonis 37.9
9 PhD candidate 4 Average 2–5 Disco 33.4
10 Senior consultant 4 Good 10–20 Celonis 36.8
11 Senior researcher 7 Advanced 6–10 bupaR 36.2
12 Assistant professor 8 Advanced 6–10 Disco, ProM 36.6
13 Partner relationships 0.5 Basic 1 Celonis 28.9
14 Digital consulting analyst 1 Average 2–5 Celonis 40.8
15 Product manager 3 Good 2–5 Celonis 34
16 Data analytics specialist 4 Good 2–5 bupaR 31.6
17 Digital project manager 7 Good 2–5 Disco 31.7
18 Professor 10 Average 2–5 Disco 30.9
19 Operational excellence 3 Advanced 6–10 Celonis 36.2
20 Operational excellence 5 Advanced >20 Disco 36.2
21 Senior researcher 7 Advanced 10–20 ProM 43.4
22 Software engineer 7 Good 2–5 Pm4Py 39.4
and the decisions driving these steps, e.g., why they decided to pursue 
a specific analysis direction. The task was silently supervised by one 
author, who was available for questions about the set-up and reminded 
participants to think aloud but did not comment on the analysis or 
the provided answers. Participants were allowed to analyze the RTFM 
event log at their own pace, i.e., we did not limit the duration of the 
analysis. After the analysis, participants reported their answers in the 
follow-up questionnaire. For each session, we recorded the participant’s 
screen showing the analysis in the PM tools and the synchronized audio 
capturing their think-aloud. This synchronization in time is essential to 
triangulate the different data sources and enable the combined analysis 
of both analytic and inference steps.

Participants. We involved 22 participants, 14 practitioners and 8 aca-
demics, from various companies and academic institutions around the 
world. Table  1 shows their demographics. The participants worked in 
a variety of industries, including software, research, insurance, food 
processing, and construction. Their experience with process mining 
ranged from less than a year to 10 years, with a median experience 
of 4 years.6 All participants had experience with PM projects, and half 
of them had conducted six or more projects. The majority (15/22) rated 
themselves as having ‘‘good’’ or ‘‘advanced’’ PM expertise.

3.2. Data preparation and coding

We recorded 805 min of analysis sessions, averaging 36.5 min per 
participant with a standard deviation of 4.4 min. First, we transcribed 
all the think-aloud utterances verbatim. Then, we prepared the data 
for the analysis following the four steps described below. Two authors 
and two external assistants conducted the coding in multiple iterations, 
reviewing and discussing each other’s work to resolve disagreements. 
One author then consolidated the coding to ensure consistency across 
all participants.

6 At the time of data collection in 2021, having four years of industry 
experience was good considering the relatively young age of the discipline.
5 
Step 1: Creating multi-granular interaction logs. First, we created user 
interaction logs capturing how participants used PM tools during the 
analysis. To this end, we coded the screen recordings, i.e., we seg-
mented them into units of interest for our analysis. Each segment has a 
start timestamp, an end timestamp, and a code name. This structure is 
similar to an event log, where each segment is an activity, and the code 
name describes the action performed by the analyst in the tool during 
a specific time frame. To identify these actions, we developed a coding 
scheme, inspired to Brehmer and Munzner’s task typology [47]. In this 
work, we focus on codes derived from Munzner’s HOW dimension, 
which describes how a task is performed. In our case, HOW describes 
the action of the participant from the perspective of the tool function
they used within specific tools. Initially, we coded the videos at a fine 
granularity, using code names that were close to the functions available 
in different tools (e.g., one code name was ‘‘Follower Filter’’, which is a 
filter for directly- and eventually-follows relations in Disco, another one 
was ‘‘Dotted Chart’’, which refers to a specific plugin in ProM). We then 
proceeded in iterations, mapping functionalities across different process 
mining tools and creating ‘‘tool-agnostic’’ codes that preserved different 
levels of detail in their names. For example, the code ‘‘Filter/Applied 
Filter/Variant Filter’’ identifies the application of a variant filter to the 
event log. The hierarchy in the name of the code indicates that ‘‘Variant 
Filter’’ belongs to the category ‘‘Applied Filter’’, which distinguishes 
between applying and removing a filter, and refers, more generally, 
to ‘‘Filter’’. This structured approach allowed us to maintain multiple 
granularity levels for each segment, which we could adjust later in our 
analysis, depending on the patterns we observed [48]. Compared to the 
user interaction model in [32], we code tool functions as ‘‘UI groups’’ 
associated with ‘‘tasks’’, while also reflecting multiple levels of UI 
hierarchy. Although our coding is more fine-grained compared to other 
studies [7,40], we refrained from coding low-level interactions [13] for 
two main reasons. First, our objective was to uncover analytical steps 
that align with the reasoning process. As such, we found that higher-
level codes captured interaction intents better [49]. Second, since we 
allowed participants to use different PM tools, it would be impractical 
to manually code low-level interactions without prior instrumentation. 
However, since we did not aim to compare specific tool functions, this 
approach was not relevant to our goal.
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Table 2
(Top) Characteristics of a finding; Broad vs. deep, and Directed vs. Unexpected are adapted from [25]. (Bottom) Quality scale used to assess the 
quality of the findings and example findings from our participants.

Value Description

Broad vs. Deep
A broad finding represents an overview of the result without much detail, e.g., based on a DFG that is not 
examined for specific process variants or conditions. A deep finding presents a detailed, specific perspective 
of the result based on multiple observations that build upon each other to create depth.

Directed vs. 
Unexpected

A directed finding is based on a (previously) stated intent and answers a specific question from the analyst. 
An unexpected finding is an insight derived from exploration or serendipitous activities that was not 
specifically looked for.Ch

ar
ac
te
ris
tic
s

Quantified The finding is quantified, e.g., through the number of cases or events it covers.

Wrong

The finding reports only incorrect conclusions (e.g., misinterpretations of the data, fully invented, incorrect 
answers) and is not relevant. The explanation of reasons for the finding is speculative and not backed up 
by the data.
 Example: ‘‘No, notification is sent after 70... Probably after... Only 87 days afterward. So, it could be that in 
most cases, yes, that the offender does not know that they have received the fine.’’ (p13)

Minimal

The finding reports a correct answer to the guiding question that includes a few relevant insights. Still, it 
is not well linked with the problem domain. The description is ambiguous and conclusions might not stem 
from the data. Reasons are missing or invented. No analysis of alternative results.
 Example: ‘‘Clearly one of the reasons why the fines are not being paid is because the offender has the intent to 
appeal to the prefecture and see if they can get their fine reversed’’ (p7)

Adequate

The finding reports a correct answer to the guiding question that includes some relevant insights. It includes 
relevant details and is well-linked with the problem domain. Its description is clear and supported by 
evidence in the data. An explanation of reasons or alternative results are present but superficial.
 Example: ‘‘It seems people apply for an appeal and, if the outcome is in favor of the offender, they do not need 
to pay. And it’s important to note that the positive outcome seems not to be recorded in the event log. A hypothesis 
would be that people who have applied to an appeal did not receive any response. It’s not really easy to quantify, 
but this will be almost three thousand cases’’ (p21)Q

ua
lit
y s
ca
le

Excellent

The finding reports a correct answer to the guiding question that includes relevant insights. It includes 
relevant details and is well-linked with the problem domain. The description is clear and goes in depth, and 
the conclusions supported by the data. An explanation of reasons and a thoughtful analysis of alternative 
results are present and go beyond the surface.
 Example: ‘‘If you look at the dismissal... we see that there are 1980 cases, which have been dismissed. So, among 
all cases that have been sent to the prefecture, those that have been dismissed are a little higher compared to the 
judge’’ (p11)
Step 2: Identifying the inference steps. To reconstruct the reasoning of 
our participants, we extracted inference steps in the form or verbal 
utterances from the think-aloud transcripts, focusing on hypotheses 
made and hypotheses tested. These steps allow analysts to structure their 
analytic process [9], often leading to a more systematic exploration of 
the data and higher analysis performance [11]. As such, they are critical 
to findings, as they indicate that analysts go beyond superficial analysis, 
engaging in systematic inquiry and testing steps. To identify inference 
steps, we mainly used the think-aloud data but we reviewed the video 
recordings for triangulation, especially to identify the testing steps. In 
this way, we could identify the object of interest for the participant 
and put their hypotheses into the broader context of their analysis. As 
part of this process, we also associated start and end timestamps to the 
verbal utterances we identified.
Step 3: Identifying the findings. Next we identified the findings, which 
we defined as answers to the AQ that participants explicitly recognized 
as significant (cf. Section 2). Here, we identified the ‘‘aha’’ moments 
when participants reported having found an answer to the question. 
Since such moments can be more or less explicit, depending on the 
participants’ ability to articulate their thoughts and confidence in their 
analytic approach, we triangulated the think-aloud transcripts, the
screen recordings, and the answers from the follow-up question-
naires. In the think-aloud, we searched for expressions closely related 
to the AQ, including keywords like ‘‘answer’’, ‘‘circumstance’’, ‘‘rea-
son’’, and ‘‘not paying’’, as well as phrases indicating conclusion. In 
the screen recordings, we focused on note-taking behavior, which often 
indicated that the participant had discovered something significant to 
report. Finally, we used the answers from the questionnaires as a source 
for validation, to check whether the findings we identified were indeed 
the ‘‘final’’ answers to the AQ. For example, in the think-aloud, p11 
reported ‘‘Another reason are the appeals, which are approximately 3000. 
If we consider that we have a population of approximately 80000, it’s five 
percent. So, an appeal is a reason why people are not paying’’. In the 
questionnaire, the participant confirms that this is a finding by writing
‘‘People are appealing the fine’’.
6 
Subsequently, we grouped similar findings together, considering the 
expected answers we had identified (see 3.1). For example, we grouped 
the findings ‘‘So it is not paid because we have Insert Date Appeal to 
Prefecture and there is a dismissal so they don’t have to pay’’ (p1) and
‘‘... Insert Date Appeal to Prefecture. Yeah, this is an obvious reason, it’s 
not paid if the offender appeals’’ (p10) together, as they both identify 
appeals as the circumstance for not paying. Then, we further grouped 
answers related to appeals to the prefecture or the judge into ‘‘business 
rules’’ as appeals relate to one of business rules in the process. In this 
way, we identified groups of similar findings for our analysis.
Step 4: Assessing finding quality. Finally, we evaluated each finding 
along several characteristics that can be correlated with their quality, 
most of which we adapted from the characteristics of visualization 
insights proposed in [25]. These quantifiable characteristics are pre-
sented in the top part of Table  2. In line with existing literature, we 
rated the depth of the finding (broad or deep) and the relationship 
of the finding with the participant’s intent for their analysis (directed 
and unexpected), which we coded in the think-aloud. We also describe 
whether a finding is quantified by the number of cases or events in the 
log it refers to (quantification). Quantification is an aspect we added, 
as it often helps analysts assess the relevance of a finding based on 
how many cases it affects relative to the log size [50]. It also helps to 
assess the accuracy of the analysis and identify guessing, as analysts 
must interact with the data through filters to quantify their results. 
To assess the quality of the findings qualitatively, we designed the 
quality scale presented in the lower part of Table  2 together with 
examples drawn from our data. We created this scale to assess how 
well a finding addresses the AQ and to go beyond a binary definition of 
correctness [25], which we found impractical for exploratory questions. 
Our aim was to have a nuanced description of quality that considers the 
connection of a finding to the problem domain, its basis in the data, 
and whether the finding goes beyond simple observations and provides 
explanations and insights into possible reasons or root causes. Our 
quality scale is independent of whether an answer directly matches the 
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Fig. 2. Extract from our multi-perspective dataset including think-aloud transcripts (highlighted in blue), video recordings (in purple), and answers from follow-up questionnaires 
(in green). The Type attribute allows us to focus on events related to analytical steps (HOW), inferential steps (HMAKE and HTEST), or findings (FP). For readability, we show 
start and end times in minutes. The lower part of the picture shows all the data collected for one finding.
expected scenarios for two reasons. First, we designed it to be reusable 
in different contexts, e.g., with other event logs. Second, we observed 
that participants could (i) arrive at some of the correct answers by 
simply guessing (which is considered wrong according to our scale) or 
(ii) report valid insights that were not in our predefined list.

Two authors independently assessed the findings by classifying 
them using the presented characteristics and rating them according 
to the described quality scale (cf. Table  2). The agreement between 
the two authors after the first assessment round was substantial (the 
weighted Cohen’s Kappa using equal weights was 0.69) [51]. Dis-
agreements were subsequently resolved through discussions among the 
authors and a re-examination of the findings in the video recordings.

These four preparatory steps resulted in a multi-perspective dataset 
that served as input for our analysis. An exemplary extract of this 
dataset is shown in Fig.  2. For each participant, we obtain a log in 
which events have a start and end timestamp and can denote user in-
teractions with the PM tool (i.e., the tool function used for the analysis; 
event Type = HOW), the inference steps (i.e., hypothesis making and 
testing; Type = HMAKE or HTEST), and findings (Type = FP). The start 
and end timestamps allow us to retrieve events that overlap in time and 
analyze the interactions derived from screen recordings together with 
verbal utterances, as exemplified for the highlighted finding in Fig.  2.

The multi-granular event names (Code in Fig.  2) instead allow us to 
adjust the granularity level of the events during the analysis. In the 
lower part of the figure, we show all the attributes associated with 
findings, including the answer provided in the follow-up questionnaires 
and the characteristics and quality scale described in Table  2.

To address RQ1–RQ3, we used different parts of our dataset. For 
RQ1, we focus on findings, i.e., the events of type FP and their at-
tributes. For RQ2, we combine different perspectives of our data. We 
first analyze events of type HOW and their relations with events of type 
FP for RQ2.1 and RQ2.2 and then relate these events with inference 
events (types HMAKE and HTEST) for RQ2.3. To address RQ3, we 
combine all the data shown in Fig.  2 with the demographics reported 
in Table  1.
7 
4. An example analysis process

To illustrate how the analysis processes of our participants unfolded 
over time and led to findings, we describe the analysis of participant 
p10 in detail. Our goal is to offer a concrete example from our study, 
show concrete instances of the data we collected, and provide the 
necessary context for the reader to follow the results presented in the 
following sections.

Fig.  3 provides a visual representation of the analysis process fol-
lowed by p10. Participant p10 is a senior consultant with good PM 
expertise, who chose Celonis for the task and engaged in the session 
for about 37 min. To identify reasons for unpaid fines in the RTFM log 
(see our AQ, in Section 3.1), p10 begins by (1) understanding the Task 
and Process Documentation for about 12 min. During this time, the 
participant alternates reading the documentation and using the Process 
Explorer to visualize the DFG of the process. Early in their exploration, 
p10 hypothesizes that the adding of the penalty is related to not paying 
(cf. H1 in Fig.  3). This hypothesis is closely related to (2) the AQ, which 
p10 reads again before starting with their analysis. First, p10 decides to 
(3) filter for unpaid cases as they are ‘‘interested in the ones that are not 
paid at all. So, I just click on Payment, and I look at everything without this 
activity’’. In exploring the DFG of the filtered log, p10 notices that over 
half of the cases in the entire log do not contain a Payment activity. 
Their hypothesis (H2) proposes that these cases may be incomplete. 
To test H2, p10 interacts with the DFG and validates this hypothesis 
for cases that end with Send Fine, subsequently filtering them out. 
This leads to the first finding (F1 in Fig.  3), which the participant 
reports as ‘‘It looks like the offender is not doing anything. He’s basically 
not paying the fine at all and also not appealing to the judge or to the 
prefecture’’ and quantifies as ‘‘Almost 55000 cases are affected by this’’. 
The participant then annotates the finding in the Notepad. Then, p10 
focuses on (4) the temporal constraints (TCs) listed in the Task and 
Process Documentation, and hypothesizes that violating this constraint 
may be a reason for not paying (H3). H3 is quickly tested by applying 
two filters that lead to F2: ‘‘11 000 cases. I mean, it’s one tenth of it... 
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Fig. 3. Overview of p10’s analysis process. The analytical steps are presented as the sequence of tool functions used over time, depicted as a scarf plot. A detailed description of 
the tool functions is available in Table  4. We also report the moments in which hypotheses are made and tested (H) as frames, and the findings (F), depicted as black dots on the 
scarf plot.
The offender is not paying because’’ [the fine] ‘‘hasn’t been sent within 
90 days, so the date has expired’’. Despite being quick, their testing 
approach reflects a good understanding of the data. Afterward, p10 
invests in exploring payment amount attributes to find cases in which 
the fine is partially paid. The participant creates a Custom OLAP Table 
in a new dashboard and writes a query to capture partial payments 
computing the difference between the amount to be paid and the latest
totalPaymentAmount paid by the offender. After exploring the results in 
the Process Explorer, p10 switches to the Variant Explorer and finds
‘‘...an obvious reason. It’s not paid if the offender appeals’’ (cf. F3 in Fig. 
3). The session ends with an explanation of how p10 would approach 
future analyses, which includes searching for correlations between the 
three findings and specific data attributes in the log.

For their analysis, p10 follows a structured approach, where find-
ings emerge from the systematic combination of analytical steps to 
explore the data and inference steps to reason about it. Although our 
participants demonstrate a wide range of behaviors that reflect both 
how they work with PM tools and how they reason over the data, this 
example illustrates how the combination of interaction data and think-
aloud is essential to interpret the user interactions and understand their 
behavior.

5. How do findings manifest in process mining analyses?

RQ1 aims to characterize findings of PM analysis focusing on their 
type, occurrence over time, and quality. Our participants reported a 
total of 59 findings, averaging about 2.7 findings per participant. This 
aligns with our analysis question, which asked for three circumstances 
related to non-payments.

5.1. Types of findings

We identified four types of findings, presented in Table  3. As we 
anticipated due to the focus of PM techniques and use cases on control 
flow aspects, 22 of the 59 findings are control flow (CF) patterns, 
including activities and their flow sequence. Participants highlighted 
frequent variants meeting specific criteria, such as those with a missing 
‘‘Payment’’ activity or cases ending early. For example, p2 stated, ‘‘I see 
that most cases that go through an Add Penalty activity then go to Send 
for Credit Collection. And then it ends without paying. Maybe, this is one 
reason why people do not pay’’. Other findings involve business rules and 
temporal properties or constraints, both included in the study materials. 
In the RTFM log, business rules (BR) concern the dismissal of the 
fine following an appeal to a prefecture or a judge. The 17 findings 
in this category were primarily the result of evaluating whether the 
known business rules justified missing payments. An example is ‘‘For 
8 
88 cases there is the judge’s dismissal, so the offender did not have to pay 
for it’’ (p1). Temporal constraints (TC) in PM often refer to rules 
governing expected time intervals between activities. Most findings 
in this category (7/12) focused on the 90-day constraint between 
Create Fine and Send Fine. Participants identified the violation of the 
constraint but, in most cases, they assumed that offenders did not pay 
without checking in depth. They also reported on long waiting times 
as something to improve and as a possible cause of missed payments. 
The remaining findings in this category included cases that are still 
in progress, e.g., ‘‘you have received a fine and you have not paid it 
yet, but you are not over the due date’’ (p5). The final category covers 
eight findings and includes patterns and correlations between data 
attributes (DA) alone or data attributes and the control flow. Within 
this category, findings include the identification of specific attribute 
values (5/8) that explain non-payment (e.g., the dismissal of the fine) 
or correlations between groups of cases with similar data attribute 
values (3/8). The participants compared the values of different amount
attributes, discovering partial payments, e.g., ‘‘if the last payment is less 
than the total payment amount, then it’s not paid in full’’ (p4). They also 
reported unique correlations, such as ‘‘there is a dependency between the 
amount and the payment rate, as the smaller amounts seem to be paid more 
often than the higher ones’’ (p19) or ‘‘some people pay and they’re still sent 
for credit collection [...] This happens for specific notification types’’ (p6).

Our analysis shows that most participants identified findings of 
different types, suggesting that our AQ encouraged them to explore 
different process perspectives. The relatively low number of DA find-
ings can be attributed to the emphasis that PM tools place on control 
flow analysis. Many tools provide algorithms and visualizations for 
control flow analysis but offer less direct support for working with 
event-level attributes. Still, correlations in data attributes can reveal 
unique patterns or unknown data quality issues that analysts find inter-
esting. This is in contrast with normative business rules and temporal 
constraints, whose violations are desirable to check but often known by 
stakeholders.

5.2. Distribution of findings over time

Next, we analyzed how findings manifest throughout the analysis. 
Fig.  4 illustrates the distribution of findings over time, their type, 
and their quality on a scale from wrong to excellent (cf. Step 4 in 
Section 3.2).

On average, participants spent 36.5 min in their analysis, with a 
median of 36.2 min and a standard deviation of 4.4 min. However, 
although their sessions were comparable in length, the occurrence 
of findings over time shows significant variability. Some findings 
are discovered early in the analysis. For example, participants p2, 
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Table 3
Four main types of findings. The Example column reports findings taken from the think-aloud of our participants; the # column reports the number of findings in each category
 Finding type Description Example #  
 Control flow (CF) Refers to specific control flow patterns, including cases 

where a particular activity is (not) present or repeated, 
or relationships between multiple activities.

‘‘One thing is this process flow where we sent a fine. It 
goes straight to process end without any Payment, 
without any Add Penalty. This is something I would 
definitely mention to the police department...’’ (p20)

22 

 Business rules (BR) Refers to cases where the process meets or violates a 
business rule known to the analyst. Business rules can 
involve both the control flow and data attribute values.

‘‘It is not paid because we have this period from Send 
Fine to Insert Date Appeal to Prefecture and there is a 
dismissal, so they don’t have to pay. So for 1.97K cases 
we know the payment is not done because of this 
dismissal.’’ (p1)

17 

 Temporal constraints (TC) Refers to temporal properties of the process, including 
cases still running, or to violations of temporal 
constraints, such as deviations from the expected timing 
of the process or waiting times.

‘‘It could be that the offender is aware of this constraint 
so he or she is not obliged to pay. So let me see here... 
Ok, 11000 cases. I mean, it’s one-tenth of it... The 
offender is not paying because it hasn’t been sent within 
90 days, so the date has expired.’’ (p8)

12 

 Data attributes (DA) Reports trends or patterns in the data attributes or 
relationship among data attribute values and the control 
flow.

‘‘For some articles, the payment rate is lower, so that 
might be something like a driver. So I could not apply 
that kind of logic to other attributes. Yeah, so I found the 
article.’’ (p19)

8  
Fig. 4. Distribution of findings over the time of the session (in minutes) per participant. Findings are represented based on their Finding Category and Quality Scale.
p17, and p22 reported all their results within the first half of their 
analysis, specifically in less than 18 min of exploration. In contrast, 
other participants, such as p1, p8, p9, p12, p18, p19, and p20, reported 
their findings well after the midpoint of the analysis session. Overall, 
22/59 findings emerged in the first half of the analysis session.

The time to the first finding also varies significantly across partic-
ipants, with a mean of 17.77 min and a standard deviation of 6.75 min. 
Participants p7, p22, p13, and p16 all took less than 10 min to report 
their first finding, while p3, p5, p8, p19, p20 and p12 reported their 
first finding after 24 min of analysis. Participants p5 and p20 stand 
out in this group, as their first finding occurs late in the session, 
specifically in the last quartile of their total analysis time (76% and 
80% of the duration of the session, respectively). Shorter times can 
suggest that analysts are able to familiarize themselves quickly with the 
data, but could also indicate speculative or erroneous conclusions. The 
four findings reported within 10 min of analysis, are all of low quality 
(wrong or minimal). However, the correlation between the time to the 
first finding and the quality is weak (Spearman correlation, 𝜌 = 0.37, 
𝑝 = 0.08) and the quality of findings does not seem to improve during 
the analysis for these participants (p7, p22, p13, and p16). Their think-
aloud further highlights this trend: p7 expressed uncertainty about 
their analysis, e.g., ‘‘I don’t know if I’m doing this right’’, while p16 and 
p22 quickly concluded that the process ends with Send Fine due to 
incomplete data recordings: ‘‘they are incomplete cases. So, they are not 
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completed in the recordings’’ (p22). This is something that they did not 
check in the data and does not hold true for most of these cases.

When looking at the type of the first findings in Fig.  4, we see 
10 findings of type control flow (CF), 8 of type temporal constraint 
(TC), 2 of type business rule (BR), and 2 of type data attribute (DA). 
The relatively high number of CF findings among the first ones being 
discovered can again be attributed to the way PM tools prioritize 
control flow analysis over, for example, data attributes. Instead, the 
high proportion of TC findings might be specific to the process we 
chose, as the temporal constraint was reported in the documentation 
and involves the first activity of the process. Still, in their think-aloud, 
participants reported focusing on temporal constraints to ‘‘come up with 
a normative model that describes the process’’ (p1) or because ‘‘time is 
usually something on which I try to focus since we have constraints and 
that is something that customers also wants to see’’ (p10).

When comparing the discovery of different findings by the same 
participant, we noticed patterns in their temporal proximity. Some 
participants (e.g., p2, p5, p15, p17, p20) report findings in close 
succession, sometimes only 40 s apart. Interestingly, p2, p15, p17, and 
p20 reported the same insights. Their CF findings were based on (i) the 
expected scenario in which the offender never pays, and (ii) the process 
that ends with activity Send Fine. However, all participants overlooked 
the temporal constraint that explains this endpoint. While they all iden-
tified the dismissal of fines by the prefecture as their third finding (type 
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Fig. 5. Parallel sets representation [52] showing relations between the Quality Scale, the relative time of the finding quantized to 1 min intervals (Time to Finding) and measurable 
characteristics of a finding (Broad or Deep, Directed or Unexpected, Quantified).
BR), they failed to check the data attributes to confirm this, leading 
to findings of minimal quality. Other participants, like p3, p10, p11, 
and p14, reported findings regularly throughout the session, suggesting 
a systematic analysis of scenarios that manifest over different process 
perspectives. In the case of p10 (see Section 4), findings emerged as the 
result of the formulation and testing of hypotheses on different aspects 
of the log, ranging from the control flow to temporal constraints and 
business rules.

In general, while the time of a finding does not appear to correlate 
with its type or quality, we observed a tendency of findings reported 
within 10 min of analysis to be of low quality. The emergence of 
findings over time appears to be driven by the strategy adopted by 
individual participants: some perform superficial analyses, reporting 
similar findings quickly, while others seem to follow a structured 
approach. Participants often begin by exploring the control flow or 
testing temporal constraints. This reflects a strong focus on control 
flow analysis and an interest in assessing (time) performance and 
identifying violations of normative constraints, an approach that recalls 
compliance analysis.

5.3. Quality of findings

Fig.  4 also shows the quality of 59 findings identified by our 
participants, classified by their quality (cf. Step 4 in Section 3.2).

Overall, our participants discovered four wrong, 31 minimal, 17 
adequate, and seven excellent findings. Of the 59 findings, 47 either 
fully or partially matched one of the expected answers. The remaining 
findings addressed either new aspects in the data that we had not 
considered or incorrect answers that cannot be confirmed based on the 
event log. Wrong findings included guesses or misinterpretations of the 
data, e.g., ‘‘We can also see this as a circumstance. For many cases we 
simply don’t have the data to know which fines were paid’’ (p9).

For all the findings, we also assessed their measurable character-
istics, as shown in Fig.  5. These include whether the finding was 
broad or deep, directed or unexpected, and quantified. In general, our 
participants discovered mainly broad (48/59) and directed (48/59) 
findings, possibly due to the setting of our study, where the goal, 
although broad, was provided by the AQ. Directed findings were all 
preceded by clearly stated intents, such as ‘‘I would start by analyzing the 
most common trace. I want to focus on the main behavior as this is typically 
what interests the process owner. And, in the main behavior, I want to detect 
problematic cases. So, I will first check—‘is there a payment?’’’ (p21).

Half of the discovered findings were quantified (27/59), indicating 
that participants focused on the case frequency of their findings. Some 
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participants used the number of cases in their answer as a possible 
indication of its relevancy, e.g., ‘‘I’ll start by following the Pareto principle, 
where 20% of reasons likely account for 80% of cases. I’ll first quantify the 
most common reason and, if time allows, explore the specific cases’’ (p3), 
or to choose what to report ‘‘Ok, so I am going to discard this one because 
it’s only happening 3% of the cases’’ (p13).

Fig.  5 shows the relations between the quality scale, the relative 
time of the finding (quantized to 1 min intervals), and the measurable 
quality characteristics.  Interestingly, the quality of the findings is not 
related to the timing of their discovery (Spearman correlation, 𝜌 =
0.08, 𝑝 = 0.508), although we found a weak correlation between the 
time to get to the first finding and its quality (see Section 5.2). Still, 
Fig.  5 reveals some trends. Excellent findings were reported early in 
the analysis, while adequate findings emerged later. Minimal findings 
appeared mainly in the early or middle phases of the analysis, whereas 
the four wrong findings were scattered either very early or late. We 
can also see that wrong findings are all broad and not quantified. 
The fact that excellent findings tend to occur early in the analysis is 
surprising, especially considering that they require examining the data 
in depth. This could indicate that analysts who arrive at these findings 
have a more focused approach (all of them are ‘‘directed’’) and can 
quickly link the domain problem to the data. Many of these findings 
are also quantified, indicating that understanding their scale, such as 
the number of affected cases, helps analysts to connect them to the 
data. This approach also enables analysts to link and compare findings 
with each other (see the excellent finding of p11 in Table  2). Adequate 
findings are most often identified in the second part of the analysis, 
indicating that it generally takes time to find evidence in the data that 
can support a finding. These findings emerge primarily from a directed 
approach, but there is no clear correlation with depth or quantification. 
Minimal findings occur both early and later in the process and are 
usually broad and less connected with evidence in the data.

From this analysis we can conclude that excellent findings are 
often deep, well-quantified, and derived from a directed approach. 
Interestingly, they tend to emerge early in the analysis, but seem to 
result from structured thinking and clear intent. In contrast, wrong and
minimal findings are often broad, lack quantification, and stem from a 
less focused approach.

6. What are the analytical and inference processes that lead to 
findings?

With RQ2, we investigate the processes that lead to findings and 
uncover patterns in the analytical and inference steps made by our 
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Table 4
Tool Functions used by our participants at the highest level of abstraction. Frequency (Freq.) denotes the number of times each 
function was used, Duration indicates the total time in minutes spent using each function by all participants, and #P is the 
count of participants (out of 22) who used the tool function at least once.
(Tool) Function Description Freq. Duration #P

Filter
Definition of inclusion and exclusion criteria to select process 
instances (cases) or events (activities) and their application 
to the event log.

192 43.73 21

Variant Explorer Exploration of (individual) process variants, often annotated 
with frequency information. 147 123.5 16

Process Explorer
(Interactive) DFG or process model (e.g., Petri net) resulting 
from process discovery. It displays the control flow possibly 
enhanced with performance or frequency information.

138 131.15 20

Process and Task
Documentation

Document containing information about the process and its 
domain (cf. Section 3.1). 135 118.08 20

Data
Transformation

Application of query or scripting languages (e.g., SQL, PQL) 
to manipulate or enrich the event log. 91 69.63 11

Statistics
Statistics about the process, including statistics about activi-
ties, cases, and data attributes and how they are distributed 
over time.

80 40.2 16

Analysis Question Document describing the analysis question (AQ) (cf. Sec-
tion 3.1). 58 25.62 20

Custom OLAP Table
Table that analysts can tailor to their needs by selecting 
and transforming event data (e.g., to inspect a performance 
indicator over case attributes).

58 27.17 8

Notepad Text editor for note taking. 45 29.52 10

Case Table/
Explorer

List of cases that allows inspecting individual cases and case 
and event attributes in detail. 38 13.73 12

Import/Export Import/export of the event log or artifacts (e.g., process 
models) from/to the PM tool. 28 16.83 11

Process Discovery
Technique

Process discovery algorithm that can be chosen and config-
ured by the analyst. This tool function is not available in 
Celonis or Disco at the time of our study.

23 20.37 6

CSV Reader Tool to inspect the raw event log (e.g., Excel). 17 21.3 7

Plot or Chart Visualization of event data (i.e., scatter plot, bar chart, 
histogram, dotted chart) that is not a process model. 14 13.62 4

Conformance Overview Built-in conformance analysis providing details of deviations 
from the normative process model. 11 4.07 5

1075 698.5
participants. To this end, in Section 6.1 we first analyze the general 
use of tool functions (RQ2.1). Next, in Sections 6.2 and 6.3, where we 
explore the sequences of analytical (RQ2.2) and inference steps (RQ2.3) 
followed to arrive at their findings.

6.1. Use of tool functions during the analysis task

To explore the use of tool functions, we analyzed the interaction 
logs derived from the video recordings (cf. Step 1 in Section 3.2). For 
this analysis, we chose the highest level of granularity and removed 
moments when participants switched screens or spoke without acting. 
Table  4 shows an overview of the 15 tool functions we obtained at 
this granularity level, their description, and use by our participants. 
The majority of the analysis was spent on (interactive) process models 
in the Process Explorer or the Variant Explorer, and on the Task and 
Process Documentation. Collectively, these three tool functions account 
for 53% of the total analysis time, which amounts to 372 min on a 
total of 698.5. In contrast, the Conformance Overview accounts for 
0.6% of the total time (4 min), while Plots and Charts, including 
scatter plots or dotted charts take up 1.9% (13.62 min), similar to 
the Case Table/Explorer, which is also used for 1.9% of the total time 
(13.73 min).

After gaining a general overview of the tool functions used, we in-
vestigated their correlation with findings. The bar chart in Fig.  6 shows 
the number of findings discovered while using a specific tool function. 
Findings were discovered while using eight of the 15 tool functions. 
The majority was discovered using the Variant Explorer (25 findings) 
or the Process Explorer (18 findings). Four findings were derived using 
the Case Table/Explorer or the Process and Task Documentation, three 
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using the Notepad, two using the Statistics or Plots or Charts and one 
using the Custom OLAP Table.

In Fig.  6 we also show whether specific tool functions facilitate 
the discovery of findings compared to their frequency of use. In the 
figure, this relationship is shown by the line graph, where the number 
of findings discovered using each tool function is compared to the 
overall frequency of its use. The Variant Explorer has the highest ratio 
of findings over frequency of use, with findings being derived in 16% 
of its use (25 findings were reported over the 157 times the Variant 
Explorer was used). Interestingly, Plots and Charts also led to findings 
in 14% of their use, but their overall use in our study was low, as seen 
in Table  4.

Fig.  7 relates tool functions to finding types (Fig.  7(a)) and finding 
quality (Fig.  7(b)). From Fig.  7(a) we notice that almost all the findings 
of type BR were discovered while using Plots and Charts, as participants 
could quickly identify the presence or distribution of specific activities 
related to these rules in the log. For example, p21 used the dotted chart 
in ProM to identify fines dismissed by the prefecture (see their adequate 
finding in Table  2). They discovered from the visual pattern that the 
outcome of the appeal is not always recorded, which is indeed correct 
if the appeal is successful. The Case Table and the Custom OLAP Table 
mainly supported participants in revealing DA findings, as they allow to 
access data attributes and see them in detail (also in a non-aggregated 
form).

From Fig.  7(b), we see that wrong findings are generated when 
using the Variant or Process Explorer, or the Notepad. In the case of 
the Variant and Process Explorer, these errors may arise from potential 
misinterpretations of DFGs, while in the case of the Notepad, they 
likely result from speculative reasoning. Minimal findings are also 
associated with the Variant and Process Explorer or the Case Table, 
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Fig. 6. Total times a tool function is used vs. percentage of times it led to a finding: The bar chart (primary y-axis) shows the absolute frequency of use for each tool function, 
labeled on the 𝑥-axis. The red line plot (secondary y-axis) represents the number of findings discovered while using a specific tool function over its frequency of use.
Fig. 7. Findings discovered using specific tool functions. (a) Ratio of findings by finding type; (b) Ratio of findings by quality scale.
indicating that these functions are useful for gaining initial insights 
or identifying example cases. Interestingly, the ratio of adequate or 
excellent findings is comparatively lower for both the Variant Explorer 
and the Case Table/Explorer, indicating that both tool functions might 
rather support initial hypothesis building than testing or verification. 
Instead, tool functions that require some customization, such as Plots 
or Charts and the Custom OLAP Table, seem to lead to good quality 
findings (adequate and excellent), likely because participants are more 
in control of the data they are visualizing. We observed such behavior 
in six participants, including p10 (cf. Section 4), who used the OLAP 
Table and transformed the data to discover their Finding F3. Participant 
p8 reflects on this approach and explains why using these specific tool 
functions was beneficial for them: ‘‘I used the Variant Explorer to see what 
the most common scenarios are. After finding those variants or scenarios, 
I then tried to answer the second part of the question. Why is the scenario 
like that? And I went into the raw data. For me, I really want to understand 
the data structure first, and once I’m happy with it in a table, that’s when I 
build components that allow me to filter and look into things more easily’’. 

Most findings are discovered while using interactive tool functions, 
like the Process and Variant Explorer. Although these functions are 
helpful for obtaining initial insights, they can also lead to misinter-
pretations. In contrast, customizable functions like Plots, Charts, and 
Custom OLAP Tables tend to yield higher-quality findings, as they offer 
greater control over the data. However, to use them effectively, analysts 
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need a good understanding of the data, which may also explain why 
higher-quality findings often result from their use.

6.2. Mining sequences of analytical steps

From the example analysis of p10 in Section 4, we see how findings 
emerge as a result of many, connected analytical steps. Thus, in this 
section, we explore sequences of analysis steps that lead to findings (cf. 
RQ2.2). To this end, we used the sequential pattern mining approach 
described in [53], which allows exploring sequential patterns in an 
interactive manner. Sequential patterns are defined as sub-sequences 
of events that meet a configurable support threshold and constraints. 
This VA method allows one to dynamically expand patterns using a 
tree-like visual interface and apply local constraints at each stage to 
direct the mining toward patterns of interest. For our analysis, we set 
the following constraints [54]: (i) a minimum support value (num-
ber of sequences, i.e., participants in our case) that exhibit a certain 
sub-sequence pattern, and (ii) a maximum gap, which constrains the 
maximum number of events allowed between any two events in the 
sub-sequence.

Fig.  8 shows the analysis processes of our 22 participants, using 
the 15 tool functions described in Table  4. The figure illustrates the 
variability in how participants interacted with the tools despite having 
the same task. At the beginning of the task, participants mainly used 
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Fig. 8. Analysis processes and findings. For each participant, we show the sequence of analytical steps, represented by the Tool Function used, the inference steps Make 
Hypotheses and Test Hypotheses and the Findings reported during the analysis session.
the Process and Task Documentation and Analysis Question, along with 
the Process or Variant Explorer to understand the task and the process 
they were working with. This helped them to make early hypotheses, 
as done by p10 (cf. Section 4), p1, p9, p18, and p19 and, eventually, 
discover findings. As shown in Fig.  9(a), this alternation of Process 
and Task Documentation with the Variant or Process Explorer is a 
prominent pattern preceding Finding Points (FP) (Variant Explorer →
FP: 27 findings, Process Explorer → FP: 18 findings, Process and Task 
Documentation → FP: 15 findings, Process and Task Documentation →
13 
Variant Explorer/Process Explorer → FP: 5 findings). However, in the 
sequential patterns leading to findings, we can also observe that the 
Variant Explorer is often preceded or followed by some Filter (Filter 
→ FP: 9 findings, Filter → Variant Explorer → FP: 6 findings Variant 
Explorer → Filter → FP: 5 findings), as our participants discovered 
findings while examining the most frequent variants in the log that 
they had filtered according to specific criteria (e.g., the absence of the
Payment activity).
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Fig. 9. Sequence patterns showing the analytical steps before and after a finding (Finding Point) obtained with a minimum support = 10% and maximum gap = 1.
A few participants started their analysis with the raw data (CSV 
Reader), and only two used it later in the analysis to add derived 
attributes (p12) or to discuss further analyses in a database (p20). 
However, it appears that the raw data did not produce findings, as 
confirmed by the patterns in Fig.  9(a).

Tool functions such as the Notepad and Plots and Charts were 
mainly used in the second part of the analysis to report and visualize 
results after the data had been substantially filtered and participants 
were confident about what to plot. The Notepad was used to report 
findings, as visible in the patterns shown in Fig.  9(b) (FP → Notepad: 10 
findings). The figure also shows the presence of the Analysis Question 
among these patterns (FP → AQ: 8 findings). Participants used this 
as a reference to evaluate their findings and ensure that they had 
addressed it. Another observation is the use of the Process and Task 
Documentation (FP → Process and Task Documentation: 14 findings), 
which, in this case, helped participants validate findings.

From Fig.  8, we also see that many tool functions were used at any 
time during the analysis. This suggests that they can serve both ex-
ploratory and confirmatory analysis tasks, and it is up to the participant 
to combine them according to their goals. For example, the Process and 
Task Documentation serves as a source of domain knowledge, such as 
interpreting the process or guiding filtering at the initial stage, but also 
as a reference to validate findings. Similarly, the Case Table/Explorer 
is used to sample cases that can inspire hypotheses at the beginning, 
but it also supports the qualitative testing of assumptions before adding 
more complex filters. Also, in the figure, we see how the time spent 
using different tool functions varies, reflecting different analysis paces. 
For example, Data Transformation or Statistics are used for longer 
periods. This can be explained by the fact that activities that require 
data wrangling, (manual) querying, or computing statistics take longer 
compared to filtering, which is often done in quick interactions.
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At last, participants showed notable differences in the number of 
tool functions they used and in the frequency of switching between 
them. Some participants, such as p10, p11, or p15 used many tool 
functions (11 for p10 and p11, 13 for p15) as opposed to p5 and p18 
who used only 4 and 6, respectively. Participants p8, p10, and p11 are 
also among those who switched many times during their analysis, with 
p11 showing 141 switches and p8 and p10 more than 110. In contrast, 
p5 and p16 had less than 50 switches. Switches between different 
tool functions can indicate that analysts integrate different information 
sources or look at multiple process perspectives simultaneously. For 
example, p10 initially switched between Task Documentation and the 
Process Explorer to understand the process flow. Later, they combined 
Documentation with Filters and sample cases to check temporal con-
straints, and used the Process Explorer to visualize cases that meet their 
conditions. As another example, close to 13 min into their analysis, p4 
explains their switch between the OLAP table to filtering the case table 
as follows: ‘‘I’m trying to make sense of the data and get to KPIs and add 
information here’’ [the Custom OLAP Table]. ‘‘Let’s just take one case 
to understand this better. So, I’m switching from like building something to 
identify on single cases why something is going wrong’’.

The analytical steps of our participants show that findings emerge 
from alternating between process exploration and filtering. Tool func-
tions like the Process or Variant Explorer are often used early to 
gather initial insights, while Filters are essential to refine the focus 
and arrive at findings. Interestingly, many tool functions support both 
the exploratory and confirmatory tasks, depending on the participants’ 
analysis styles.
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Fig. 10. Frequency of tool functions used while making hypotheses.

6.3. Mining sequences of inference steps

In this section, we explore the participants’ reasoning processes, 
focusing on inference steps (RQ2.3). To this end, we link inference steps 
with tool interactions, findings, and their quality (cf. Section 3.2).
Inference steps and tool functions. Fig.  8 displays the inference steps 
‘‘Make Hypotheses’’ and ‘‘Test Hypotheses’’ made by our participants 
as overlays to the tool functions. All participants except p17 engaged 
in at least two hypothesis-making steps, while only 15 participants 
tested their hypotheses. Collectively, our participants performed 97 
hypothesis-making steps and 40 hypothesis-testing steps. This discrep-
ancy highlights different inference strategies employed by analysts. 
While some participants demonstrated a systematic approach to in-
ference, others seemed to be less methodical in their reasoning. In 
particular, we observed that six participants (p4, p5, p13, p16, p20 
and p22) made hypotheses but did not follow through with testing 
them, whereas others, such as p6, p8, and p21, engaged in thorough 
hypothesis-making and testing.

We observed a common trend where analysts generate more hy-
potheses than they test. This is because, early in the analysis, analysts 
make assumptions to comprehend the data (for example, H1 in Fig. 
3), without necessarily testing them immediately. This often involves 
hypotheses that are not directly related to the AQ. Additionally, some 
hypotheses are rooted in the participants’ experience or come from 
common sense, and are therefore not easily testable in the data, leading 
them to be accepted as true. An example of such hypothesis is ‘‘In 526 
days anything could have happened, a person could have moved’’ (p7). 
Another example is ‘‘I assume that they received some sort of notification, 
but it could be that it was online and, because the notification here [in 
the data] is only via post, they missed it or didn’t receive it in their 
phones’’ (p13).

In Fig.  10, we illustrate the tool functions our participants used 
while making hypotheses. If one hypothesis was made while using 
multiple tools functions, we counted it for all the tool functions used. 
Not surprisingly, different visualizations of the process control flow 
in the Variant and Process Explorer inspired most of the hypotheses, 
combined with the Process and Task Documentation. Some participants 
also made hypotheses while taking notes, which helped them organize 
their thoughts and observations.

When examining the tool functions used to test hypotheses, shown 
in the bar chart of Fig.  11, Filter stands out as the most frequently used 
testing approach. In the analysis, filters were crucial for checking activ-
ity presence, process endings, and temporal constraints. This indicates 
that effective hypothesis testing in PM often relies on a combination of 
filtering and visualizing the control flow of the process, e.g., through 
the Process or Variant Explorer. This combination of tool functions en-
ables analysts to test and refine their hypotheses by examining specific 
process paths or variants. Often, the results of this filtering leads to 
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Fig. 11. Frequency of tool functions used while testing hypotheses.

some finding, as previously seen in the patterns in Fig.  9(a). The Custom 
OLAP Table (Custom OLAP Table → FP: 4 findings), Statistics (Statistics 
→ FP: 6 findings) and Data Transformations (Data Transformations →
FP: 4 findings) are also used for testing hypotheses through custom 
querying and data aggregation, particularly for comparing groups of 
cases based on data attributes or their behavior over time.
Inference steps and findings. Of the 97 hypothesis-making steps, 52 are 
tied to findings, whereas all 40 hypothesis-testing steps are directly 
related to findings. We analyzed if the number of hypotheses made or 
tested before a finding affects its quality. The number of hypotheses 
made before a finding does not correlate with its quality (Spearman 
Correlation Coefficient 𝜌 = 0.18, 𝑝 = 0.18), but more hypothesis-testing 
steps are linked to higher-quality findings (Spearman Correlation Co-
efficient 𝜌 = 0.52, 𝑝 < 0.001). Indeed, of 33 hypotheses tested before 
a finding, 28 precede an adequate or excellent finding, aligning with 
our quality scale that expects these findings to be supported by data 
evidence.

From the relative occurrence of inference steps and findings, we 
identified two inference strategies followed by process analysts. The 
first strategy, which we name systematic inference approach, in-
volves a step-by-step approach where analysts make hypotheses, then 
test them, and then derive findings based on the test results. 11/22 
participants exhibit this behavior, including p6, p8, p10, p11, p14, 
and p21 These participants test their hypotheses within one minute 
of making them, using filters on the event log or sample cases to 
qualitatively check their hypotheses. Filters are often applied to test 
temporal constraints or business rules discovered in the Process and 
Task Documentation. A good example is p10 testing of H3 (cf. Fig.  3) 
with a follower and throughput time filter: ‘‘So, I’m going to the through-
put time selection and select Create Fine until Send Fine... This should be 
within 90 days’’. The second strategy, which we name discovery-driven 
inference, involves analysts starting with findings, often derived from 
data observations or previous testing, and then generating hypotheses 
to explain those findings. Overall, 10 participants made hypotheses 
immediately after reporting a finding (maximum within 30 s). These 
hypotheses helped contextualize findings and identify directions for 
further investigation. Examples include p6, who finds that ‘‘for cases in 
which a value [of data attribute NotificationType] is recorded, either ‘P’ or 
‘C’, the fine is not paid’’, and used a Petri net discovered through decision 
mining to further investigate, hypothesizing that ‘‘the notification type 
might be only set for those that are actually sent for Credit Collection or for 
those that have a Penalty’’. Similarly, p8 reports findings after working 
with the Variant and Process Explorer and immediately hypothesized 
reasons, such as ‘‘it could be they’re just still young cases, so there still 
might be basically a buffer for people to pay’’..
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These two strategies do not appear mutually exclusive, as some par-
ticipants (p6, p8, p12, p14, and p18) applied both during their analysis. 
Still, they can explain why we see many hypotheses concerning findings 
that are made after the finding is discovered.

Our analysis reveals that a greater number of hypothesis-testing 
steps is associated with higher-quality findings. Additionally, we have 
identified two distinct strategies based how participants test hypothe-
ses. While some participants make and test hypotheses systematically, 
others generate hypotheses after their findings, as a way to explain or 
contextualize them.

7. The role of expertise in the analysis process

In Sections 5 and 6, we investigated how findings manifest and the 
processes leading to these findings. In this section, we factor in the PM 
expertise of our participants and address RQ3.

To this end, we divide our participants into two groups based 
on their self-reported expertise. ‘‘Non-experts’’ are participants who 
indicated basic or average expertise, while ‘‘experts’’ have good and 
advanced expertise. In total, 16 experts and six non-experts participated 
in our study (see Table  1). To compare their analysis processes, we first 
normalized the duration and frequency of tool function use for both 
groups and, then, conducted a comparative analysis of the quality of 
the findings and the analytical and inference steps leading to them.

Interestingly, both groups found a similar number of findings. The 
16 experts identified 42 findings, averaging 2.6 findings per analyst, 
while the six non-experts found 17 findings, averaging 2.8 per analyst. 
As shown in Fig.  12, all finding types (cf. Table  3) were observed in 
both groups. However, 7/8 findings related to data attribute patterns 
and correlations (DA) were discovered by experts. Generally, these 
findings are less apparent from the process and task documentation and 
are difficult to detect using only interactive tool functions. Moreover, 
when data attributes are recorded at the event level, it is necessary to 
apply aggregation and transformation operations to find these patterns 
on the case level, which requires some analysis expertise. Also, we 
see that experts tended to focus on ‘‘less obvious’’ findings, such as 
patterns related to fine amounts and partial payments. Examples are 
experts p5 and p19, who excluded the normative outcomes described 
in the Process and Task Documentation from being possible findings, 
explaining that ‘‘We need to exclude all allowed situations and really 
focus on the ones which are not paid’’ (p19). For p5, this resulted in a 
more reflective analysis characterized by fewer but long interactions 
with tool functions, during which they made hypotheses about the 
process but did not test them. Instead, p19 heavily engaged with Data 
Transformations and a Custom OLAP Table to derive unique correla-
tions between unpaid cases and data attributes. Additionally, as shown 
in Fig.  12, experts tend to identify higher-quality findings (adequate 
and excellent), which is supported by the correlation between finding 
quality and participants’ expertise (Spearman Correlation Coefficient 
𝜌 = 0.516, 𝑝 < .001).

Fig.  13 shows the differences in the sequential patterns that lead 
to findings for experts and non-experts. They were discovered using 
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the same approach as in Section 6.3 (cf. Fig.  9). Both groups primarily 
relied on the Variant Explorer and Process Explorer for their findings, as 
previously seen in Fig.  6. While experts exhibited more diverse patterns, 
they still derived nearly 50% of their findings (19 out of 42) from the 
Variant Explorer. This tool function was often immediately preceded by 
the Process and Task Documentation (for 4 findings: Process and Task 
Documentation → Variant Explorer → FP), Statistics (for 4 findings: 
Statistics → Variant Explorer → FP), or Filter (for 3 findings: Filter →
Variant Explorer → FP) , all of which allowed participants to identify 
and focus on variants of interest. Other tool functions leading experts 
to findings include the Process Explorer (10 findings), the Process 
and Task Documentation (10 findings), Filter (7 findings) Statistics 
(5 findings), Data Transformation (4 finding), Custom OLAP Table (3 
findings), Case Table/Explorer (3 findings). Plots and Charts preceded 
a finding only on two occasions. This is reflected in the diverse analysis 
patterns that can be identified for experts (cf. Fig.  13(a)). In contrast, 
non-experts show less variation in their analysis approach as it can 
be seen in Fig.  13(b). They predominantly used the Process Explorer 
for nearly 50% of their findings (8 out of 17). This pattern repeated 
for multiple findings, one after the other, within the same analysis 
process, e.g., in the case of p2 and p18. p18 explains their approach 
being mostly based on the DFG: ‘‘So, I plotted the map and then I tried to 
see popular tasks and popular sequences or unexpected transitions’’. Non-
experts used the Variant Explorer for 8 findings that were preceded 
by a Filter operation on 3 occasions (Filter → Variant Explorer → FP). 
They also derived findings in conjunction with the Process and Task 
Documentation (5 findings). Participant p7 reported ‘‘I find that the 
Variant Explorer is the most accessible to novice learners’’ (p13). Instead, 
the use of filters (2 findings) and statistics (1 finding) was much less 
observed as directly leading to findings compared to experts.

Throughout their analysis, both groups used almost the full range of 
tool functions provided: experts used all the 15 tool functions listed in 
Table  4, while non-experts did not use Plots or Charts. For both groups, 
the three most used tool functions where the Variant Explorer, the 
Process Explorer, and the Process and Task Documentation, confirming 
our analysis in Section 6.1. Still, we observed some differences in the 
time spent on some tool functions, as well as in how often participants 
switched between different tool functions. A notable difference between 
the two groups is the use of Process Explorer, which was used more by 
non-experts (26% of total analysis time for non-experts compared to 
16% for experts). Participants found the interactive DFG convenient to 
investigate control flow aspects, and described it as the ‘‘simplest way to 
analyze the process quickly’’ (p2) and ‘‘get a first impression fast’’ (p13). 
In contrast, experts engaged more with Data Transformations, using 
them to aggregate cases based on data attribute values 12% of the time, 
compared to only 4% for non-experts. They also used Filters 8% of the 
time, while non-experts used them just 2%. Additionally, Plots or Charts 
were employed exclusively by experts for about 3% of the total time. 
When looking at the frequency of tool functions, Filters were used twice 
as much by experts (10.4 times for experts vs. 4.3 for non-experts), 
which also explains why we see more filtering leading to findings for 
this group. Filtering often supports hypothesis testing (cf. Section 6.3). 
Fig. 12. Relations between expertise, finding quality (Quality Scale), and Finding Category.
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Fig. 13. Sequence patterns showing the analytical steps leading to a finding (Finding Point) for experts and non-experts. The patters are obtained with a minimum support of two 
participants and maximum gap = 1.
When looking into inference steps, experts engage in testing for an 
average of 3.5 hypotheses compared to non-experts (who test about 
1.6 hypotheses on average) with a comparable number of hypotheses 
made by the two groups (4.6 vs. 4.5 on average). However, there are 
also experts (5/16) who do not test the hypotheses they make, such as 
p5 and p22. As such, the correlation between the participants’ expertise 
and the average number of hypothesis-testing steps is not significant: 
the Spearman Correlation Coefficient is 𝜌 = 0.314, with 𝑝 = 0.167.

Our findings highlight the important role that expertise plays in the 
analysis process. Experts dedicate more time to data transformation 
and filtering, whereas non-experts often rely on DFGs and do not 
always explore the data in depth. If it is true that experts seem to 
discover findings of higher quality, the correlation between expertise 
and the number of hypothesis-testing steps is weak and not statistically 
significant.

8. Discussion

In this paper, we have provided many rich empirical insights into 
how analysts work with tools and reason to arrive at findings. Our 
multi-perspective analysis explores the nature of findings as seen by 
process analysts (RQ1), the analytical and inference processes they 
engage in (RQ2), and how PM expertise shapes these processes (RQ3). 
In the remainder, we reflect on our results and methodology, high-
lighting how our approach can inspire the process mining (PM) and 
visual analytics (VA) communities to develop more effective methods 
for analyzing multi-perspective event logs.
Characterizing findings, analysis processes and the role of expertise. Our 
characterization of findings by type and quality in Section 5 shows 
what information process analysts consider relevant to report. Common 
findings are control flow patterns, violations of temporal constraints 
and business rules, and data attribute correlations. These finding types 
complement the existing body of knowledge by providing descriptions 
of findings from the perspective of process analysts, that are linked 
to information available in event logs. As such, we complement the 
description of PM results from case study reports that are often specific 
to a particular setting [27], and the framework in [6] that describes PM 
insights on a higher level, for example, data quality, a high amount 
of rework, or discovered process models. The quality characteristics 
and scale developed in this paper can be used to qualitatively evaluate 
answers, e.g., in educational settings, or to compare PM tools based 
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on their ability to facilitate the discovery of findings and the level 
of detail they offer [25]. For an exploratory analysis, broad findings 
might suffice, while confirmatory analyses may require tools capable 
of querying the data [7,9].

To arrive at findings, analysts used a variety of tool functions. We 
observed that some tool functions, such as the Variant and Process 
Explorer, help to gain initial insights, but are not sufficient to produce 
high-quality findings, as they may be subject to misinterpretations 
and do not allow analysts to test hypotheses. Still, our analysis in 
Section 6.1 shows that DFGs (available in the Process and Variant 
Explorer) are still the most commonly used tool functions by pro-
cess analysts, a result that aligns with the PM literature [7,19,20,55]. 
Given the well-known limitations of DFGs [18] and the challenges they 
may pose for less experienced analysts [8], this raises the question of 
whether there are viable alternatives to visualize process data that are 
easy to understand and interact with. Also, our analysis indicates that 
visualization tools such as Plots or Charts are less frequently used by 
analysts, but when used, they often lead to findings (cf. Section 6.1, Fig. 
6). This aligns with our previous work, where we found that specific 
visualizations, particularly sequence charts and scatter plots, are more 
effective than others in terms of number of observations made over 
time [55]. These insights underscore the need for further research to 
evaluate existing visualization tools for PM and to design interactive 
visualizations that effectively guide analysts to reach their findings. 
Additionally, our analysis of the analytical steps followed by process 
analysts showed that PM tool functions can serve different purposes 
over the course of an analysis. For example, the Process and Task 
Documentation, can inspire hypothesis-making at the beginning of the 
analysis (this resembles the knowledge-driven strategy in [7]) but can 
later be used to guide filtering and contextualize findings. In line with 
existing research [11], we found that hypothesis testing correlates with 
the quality of findings, as testing more hypotheses generally results in 
higher-quality results. Experts tend to produce higher-quality findings 
and focus more on data transformation and filtering, while non-experts 
often rely on DFGs. However, we found no significant correlation 
between hypothesis-testing steps and expertise.

An interesting insight from our analysis is that hypothesis testing is 
often performed through filters and analysts use external sources, like 
the Notepad, to organize their reasoning. While filters allow analysts 
to narrow down the cases, check for expected patterns, and refine 
their reasoning, they are not specifically designed to test hypotheses. 
This highlights the lack of robust support for hypothesis testing in 
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current PM tools and the need to design PM tools that align with the 
cognitive processes of analysts [14], making it easier for both experts 
and novices to generate and test hypotheses and externalize them as 
knowledge [56]. Such an improved tool design could also guide users in 
formulating testable, data-driven hypotheses, for example by drawing 
on expert strategies.
Reflections from our multi-perspective analysis. Our method of analyzing 
multi-perspective data offers a novel approach to understanding com-
plex analytical workflows. By combining different sources of empirical 
data into a multi-perspective dataset, we gained insights into the work 
of process analysts from different perspectives, enhancing our under-
standing of how they interact with tools. Linking interactions with 
think-aloud data allowed us to reconstruct and explain the analysis 
processes, which would be impossible from logs of low-level inter-
actions alone [14,34]. However, analyzing such complex and highly 
variable data poses some challenges, including (i) exploring multi-
perspective events, (ii) managing the order of the events, (iii) detecting 
possibly long-term dependencies like cause–effect relationships, (iv) 
and adjusting the event granularity on-demand. For example, in some 
cases, we found that the order of the events is not significant to 
explain the behavior of analysts but rather causes high variability in 
the data. For instance, when analysts alternate between the Process and 
Task Documentation and the Process Explorer without making changes 
to the data, the order of such events is less relevant. Instead, when 
filters and data transformations are applied to the log, maintaining 
the order is crucial to understand the final result. In such settings, the 
ability to selectively ‘‘relax’’ the sequential order in specific parts of 
the sequence would have helped us reduce the variability in the data 
and go beyond strictly sequential patterns. Also, it was often hard to 
determine if all the steps preceding a certain event (e.g., a finding) 
are essential in leading to it or if events further along in the sequence 
also play a significant role in influencing its occurrence. A method for 
detecting and marking such long-term dependencies in the sequence, as 
well as identifying potential cause–effect relationships among events 
could have led to discover richer behavior patterns. At last, if we 
altered the granularity of events along any of the different dimensions, 
the dependencies among events could change completely and show 
different patterns of behavior [48]. Thus, to navigate complex data 
and enable the analysis of multi-perspective and multi-granular event 
data, we see clear opportunities to combine algorithmic processing with 
visualization. In particular, there is a need for approaches that allow 
analysts to explore this data using linked views that tightly incorporate 
the expertise of the human user both for directing the search for 
patterns and for meaningfully interpreting them. As resolving these 
challenges would benefit both PM and VA research, we call on the two 
communities to work together and solve some of these challenges.
Limitations. Our study has four key limitations related to both its 
design and our approach to data preparation and analysis. First, in 
terms of study design, a potential limitation is due to the selection 
bias of the participants. While we aimed to capture a diverse sample 
of analysts, we recruited more expert participants than non-experts. 
This imbalance could have biased the analysis of their behaviors. To 
mitigate this, we normalized the data by level of expertise before 
performing the comparative analysis. Still, the uneven distribution may 
affect the generalizability of our findings. The second design limitation 
pertains to the setup of the study itself. We aimed to create a setup 
that replicates a real PM analysis by using a real-life event log and an 
analysis task similar to BPI Challenges, and allowing participants to use 
the tools they were familiar with. However, despite these measures, 
the online environment and time constraints placed on participants 
pose limitations. Some participants expressed the need for more time 
and the opportunity for additional interactions with domain experts to 
confirm their findings. Although the setting may not perfectly mirror 
real-world projects, the recorded behaviors still provide valuable and 
novel insights.
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Concerning data preparation and analysis, we identified two limita-
tions. The first is related to the subjectivity involved in the coding of 
the screen recording and the think-aloud and the qualitative assessment 
of the findings. To mitigate such subjectivity, we built our coding 
schema based on an established task typology [47] and relied on 
deductive assessment with clear definitions. Also, multiple researchers 
were involved in the coding and assessment process, and regular meet-
ings helped us reach a consensus, minimizing individual biases and 
increasing the reliability of our qualitative data analysis.

The final limitation concerns the tool-agnostic nature of our coding 
scheme. Since comparing tools was not the focus of our study, we 
designed the coding schema to be independent of specific tools. This 
was done by mapping the functionality across the five tools used by 
participants. However, it is worth noting that certain functions, such 
as the Custom OLAP Table (used in Celonis) and Data Transformation 
(available in ProM, bupaR, Celonis, and Pm4Py), were not accessible 
in all tools. This difference in tool affordances may have influenced the 
behavior of participants and could explain why some did not use those 
functions. However, we ensured that the groups of experts and non-
experts were balanced in terms of tool use and that all participants had 
access to a CSV Reader, which can be used to represent the data in 
an OLAP table format. At last, in our study we focused on patterns of 
behavior that integrate multiple perspectives of the data, going beyond 
tool comparison.

9. Conclusion

In this paper, we have investigated how analysts arrive at findings, 
exploring the findings themselves and the processes leading to them. In 
addition, we have explored the influence of PM expertise on the analy-
sis, discovering that experts seem to obtain findings of higher quality. 
Our results extend the existing body of knowledge on the work practices 
of process analysts, with behavioral observations. Such observations 
can inform the development of tools that better support analysts, such 
as enabling them to effectively track their hypothesis-testing process. 
Furthermore, strategies leading to high-quality findings could inform 
the creation of pattern-based guidelines to assist less experienced an-
alysts. Finally, with our analysis, we have highlighted the potential of 
analyzing multi-perspective event data related to user interactions and 
reasoning. In the future, we plan to focus on resolving some of the 
ongoing challenges related to the analysis of multi-perspective data. 
This involves integrating algorithmic and visualization techniques to 
navigate these various perspectives in an interconnected way.
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