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Abstract
Process mining is a data-driven discipline for understanding and improving business processes. However, despite
its uptake in practice, there is still limited understanding of how analysts interact with software tools and artifacts
to discover insights. This resource paper introduces the ProMiSE event log, a log derived from video-recorded
sessions with process mining analysts. Each trace captures the process of process mining of a single analyst from
three complementary perspectives, each describing the analysis process from a particular angle and several levels
of abstraction. By making this event log publicly available, we aim to support research on analyst behavior and
on methods for handling multi-granular and multi-perspective event data.
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1. Introduction

Over the past two decades, process mining (PM) has established itself as a data-driven discipline for
understanding and improving business processes [1]. While technical research has focused on designing
algorithms and methods for process discovery, conformance checking, and predictive PM, empirical
studies have investigated how process mining is actually conducted in practice, i.e., the process of process
mining [2]. Understanding how analysts explore data using existing software tools and visualizations is
essential for improving analysis guidance, tool design, and methodological support.

Despite being a complex, cognitive process, the process of process mining can be seen as a series of
interactions between an analyst, the process mining tools they use, and the artifacts they explore, such
as visualizations or documents. To analyze the behavior of process analysts through these interactions,
we have recorded video sessions of 40 PM analysts performing an analysis task. From such sessions,
we have derived an event log through several rounds of qualitative coding [3], which allowed us to
segment the video recordings into meaningful events based on what we observed in the video. The
events in these traces describe the analysis process along three main perspectives that capture (i) what
the analyst was focusing on, (ii) the visualizations they looked at, and (iii) the tool functions they used.

The ProMiSE event log in this resource, named after the related research project, includes 5724
events organized into 40 partially ordered traces, each one corresponding to an analysis session. This
log provides a structured view of how process analysts interact with tools and artifacts during a PM
analysis task. In addition to capturing the analysis from multiple perspectives, a unique trait of this
event log is its multi-granular nature: each event name embeds multiple levels of abstraction, allowing
one to choose what abstraction level to use for activities during the analysis. Furthermore, since each
trace captures the behavior of one analyst, the log exhibits high variability, similar to event logs derived
from user interactions, e.g., through active window tracking [4], or sensor recordings [5].

By making this resource publicly available, we aim to encourage further research on (1) exploring
analyst behavior through the study of interaction patterns (some analyses we have conducted are
presented in Sect. 3); (2) evaluating techniques that handle unstructured and multi-granular event data
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that may not meet the assumptions of conventional event logs; (3) developing techniques that discover
multi-perspective processes that combine both totally and partially ordered event sequences.

2. Description of the Resource

The ProMiSE event log comprises 40 traces and 5724 events derived from 26.6 hours of video recordings.
The full event log and all the files belonging to this resource are available on Zenodo https://zenodo.
org/records/20995525 under the Creative Commons Attribution 4.0 International license (CC BY 4.0)1.

Data Collection and Coding. The data was collected in 2021 during video-recorded meetings with
process analysts from industry and academia, who were asked to perform an analysis of the Road
Traffic Fine Management event log [6] while doing concurrent think-aloud. The analysis focused on
finding scenarios in which traffic fines are not paid and, if possible, identify root causes of non-payment.
The analysts could use and combine any tools among bupaR, Celonis, Disco, PM4Py, and ProM and no
constraints were placed on the session duration. More details on the data collection are described in [7].

On average, each session lasted 40.1 minutes (median = 37 min; sd = 11.6 minutes). To derive the event
sequences that make up the traces in our log, we used a qualitative coding approach to segment the
video recordings into discrete events, each defined by a start time, an end time, and a name. In our data,
events are time-stamped intervals where the name describes the analyst’s behavior from a particular
perspective at several levels of granularity. Figure 1 illustrates the coding process followed to generate
the traces. We worked in several rounds as a team of four researchers, segmenting the video recordings
with MAXQDA2 and using think-aloud protocols to disambiguate the behavior we observed in the video,
which was essential to identify the focus of the analysis. To ensure consistency, we iteratively refined
the event boundaries and names, resolving any ambiguous cases through collaborative discussions.
During the coding process, we also ensured to have at least 3 ms of gap between consecutive events to
avoid them being treated as concurrent and did not code idle moments.
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Figure 1: Event sequence (trace) generation from video recordings through qualitative coding. Video recordings
were segmented using MAXQDA. For each video segment 𝑠𝑖, i.e., the same time-stamped interval, we derived one
or more events belonging to different perspectives.
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Data Structure and Characteristics. Table 1 provides an overview of the event log files included
in this resource. The complete event log, available in ProMiSE_EventLog_complete.csv, contains 5724
events organized into 40 traces, one per analysis session, as we described above.

Table 1
Main event log files included in the resource and related event count statistics.

File name Type #Events Trace Length
Mean Median SD

ProMiSE_EventLog_ToolFunction.csv Tool Function (How) 2596 64.9 61.0 24.0
ProMiSE_EventLog_AnalysisFocus.csv Analysis Focus (What) 2356 58.9 55.5 25.5
ProMiSE_EventLog_Visualizations.csv Visualizations 772 19.3 19.5 9.72

ProMiSE_EventLog_complete.csv All 5724 143.0 138.0 54.4

The events in the complete event log represent a particular perspective of the analysis process among:
(1) Tool Function (How) that describes the function used in the process mining tool in a tool-agnostic
manner; (2) Analysis Focus (What) that indicates what aspect of the process or artifact the analyst was
looking at; and (3) Visualizations that tracks which visualizations was used.

These three perspectives may correspond to different segmentations of the video recordings. In some
cases, the same video segment corresponds to multiple events, each belonging to a different perspective.
For example, in Figure 1, from video segment 𝑠𝑖−1 we derived the events “Activity Statistics” for Tool
Function (How), “Activities” for Analysis Focus (What), and “Bar Chart” for Visualizations, all having the
same start and end timestamps. In other cases, from one video segment we derived only events belong-
ing to one or two of these perspectives, e.g., there is no Visualizations event matching 𝑠𝑖. Because of this,
the resulting multi-perspective sequence is partially ordered and allows researchers to study the analysis
process of one analyst from multiple angles simultaneously. The resource also contains the event logs
obtained by filtering one perspective (Type) at a time (cf. Table 1), which corresponds to taking each one
of these perspectives individually. These traces can be used by researchers to focus on specific aspects,
e.g., the use of visualizations. The traces in ‘ProMiSE_EventLog_ToolFunction.csv’ and ‘ProMiSE_Event-
Log_Visualizations.csv’ are totally ordered, while those in ‘ProMiSE_EventLog_AnalysisFocus.csv’ are
partially ordered, since analysts could focus on multiple aspects at once.

Figure 2 shows a screenshot of the Variant Explorer in Cortado [8], where the high-level variant
visualization shows overlapping events between perspectives having the same start and end timestamps.

Figure 2: Excerpt of one trace in the Variant Explorer of Cortado, showing overlaps between events in the Tool
Function and Analysis Focus perspectives.

The ProMiSE event log preserves multiple granularity levels in the event names. Figure 1 shows an
example of multi-granular name in perspective Tool Function covering three levels of abstraction for the
filter applied in 𝑠𝑖: “Filter/Applied Filter/Activity Filter.” We identified up to four levels of granularity
(L1–L4) in our event names. All 5724 events in the complete log have a name defined at L1, 5144 have
up to L2, 1492 have up to L3, and 461 have up to L4. In addition to being part of the event name itself
(as shown in Figures 1 and 2), they are included as separate event attributes to ease their adjustment
during the analysis. The complete event log includes 90 different event names, which can be adjusted
to 20 if L1 is chosen as the ‘Activity’ column. The file ‘EventNames.pdf’ provides a description of all the
event names used in the complete event log.

An excerpt of the complete event log is shown in Table 2. The ID identifies the analyst session.
Event_name is the multi-granular event name, divided into four granularity levels L1 to L4. Each
of these columns can be chosen as the ‘Activity’ column for PM analysis. The Type indicates the
perspective, attributes Start and End are relative timestamps from the start of the session, andUsedTool



Table 2
Excerpt of the file ‘ProMiSE_EventLog_complete.csv’.

ID Event_name Type L1 L2 L3 L4 Start End UsedTool

1 Tool Function
(How)\Visualization\Process
Model\DFG\Interactive DFG

Tool Function (How) Visualization Process
Model

DFG Interac-
tive DFG

00:08:14 00:08:49 Celonis

1 Analysis Focus (What)\Analysis
Focus\Flow

Analysis Focus (What) Analysis Focus Flow 00:08:14 00:08:49

1 Visualizations\Process Model\DFG Visualizations Process Model DFG 00:08:14 00:08:49
1 Tool Function (How)\PDF Reader Tool Function (How) PDF Reader 00:08:50 00:09:14

reports for ToolFunction events the PM tool used for the session, if any. This column is not present in
the event logs capturing the Analysis Focus and Visualization perspectives. In the repository, we also
provide the .xes file of the complete event log, with ‘ID’ as case identifier and ‘Event_name’ as activity.

3. Preliminary Analysis

We have used the event logs presented in Section 2 in two different studies, where we combined them
with think-aloud protocols to explore specific aspects of analysts’ behavior.

Use of Tool Functions. In our recent work [9], we have investigated how analysts discover findings,
i.e., conclusive insights. We selected 22 traces from ‘ProMiSE_EventLog_ToolFunction.csv’ and combined
them with information about when a finding was discovered, which we derived from the think-aloud.
For our analysis, we adjusted the granularity level to focus on 15 tool functions of interest, selecting
event names from L1, L2, and L3. We then explored which Tool Functions are most commonly used
during a PM analysis (based on our task) and which ones lead to findings, using statistical analysis and
sequential pattern mining [10]. We found that process mining analysts spent more than half their time
using interactive models like Directly-Follows Graphs (DFGs) or inspecting variants and reviewing
documentation. However, customizable tool functions, such as plots, charts, and custom OLAP tables,
led to several high-quality findings, even if their overall use was limited. Our sequential pattern mining
analysis revealed that analysts often discovered insights by alternating between process documentation
and visualizations, but used filters and custom data transformations to validate them.

Use of Visualizations. In [11], we focused on analyzing how PM analysts use visualizations. For our
analysis, we selected 33 traces from ‘ProMiSE_EventLog_complete.csv’ and combined them with think-
aloud protocols. We slightly adapted the event names in the visualization perspective and reorganized
the events of L1, L2, and L3. We then analyzed which visualization types were used and when, and
for which analytical purposes (analysis focus) they were used. We found that visualizations played a
central role in PM analysis, accounting for more than one third of the total analysis time. By statistically
analyzing the overlaps between the Visualizations and Analysis Focus perspectives, we found that
process models, such as process maps, were mainly used for understanding the process flow, activities,
and KPIs. Sequence charts were used less frequently, but supported case- and variant-level reasoning on
variants, single attributes, and case-level statistics. Chart-based visualizations, instead, complemented
the analysis by supporting performance and statistics inspection. Over time, analysts started with less
visualization use while familiarizing themselves with the task and documentation, then relied more on
process maps, and only later they used sequence charts and other visualizations. We provide a figure
combining the visualization and analysis focus perspectives (choosing L2 for both) in the repository.

4. Possible Uses and Innovation for the BPM Community

The ProMiSE event log can support research in the PM community in several ways. First, the event
log provides a source of empirical evidence to validate assumptions regarding the behavior of process



analysts within our data collection settings. Although our log was derived from a single analysis
task, as explained in Section 2, it can be used to investigate interaction patterns involving specific
tools, artifacts, and visualizations. Indeed, with the analyses presented in Section 3, we aimed to gain
a broad understanding of analysts’ behavior and, thus, we did not examine the use of specific tool
functions (e.g., DFGs) nor focus on other “local” patterns. Using our data to further investigate these
aspects could lead to identifying gaps in visualization and tool design. Second, the event log is highly
unstructured (one trace corresponds to one trace variant) and, resembles the characteristics of UI logs
where traces are long and may show repetitive patterns over time. This makes the event log suitable for
validating techniques that can abstract such unstructured data. In particular, the multi-granular event
names provide predefined, semantic abstraction levels that can be used for event abstraction during
the analysis, e.g., in process discovery tasks. Finally, the multi-perspective nature of this log opens
new challenges for PM analysis, as the traces contain a high number of overlapping events, something
that PM techniques often struggle to handle. In our work, we have used interactive sequential pattern
mining techniques [10] to explore this log from multiple perspectives, which can inspire researchers to
develop new PM techniques capable of discovering multi-perspective processes.
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