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Abstract. Process mining techniques rely on the availability of event
logs, where events have a certain granularity that is deemed appropriate
for representing business activities. In this paper, we discuss why choosing a proper granularity level during preprocessing can be challenging
and reflect on the implications that such a “fixed” view over the process
bears for the analysis. Then, inspired by use cases in the context of user
behavior analysis, we envision possible solutions that allow exploring and
mining multiple granularity levels of process activities.
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Introduction

Process mining enables the analysis of process execution data in the form of
events to understand and streamline business processes. Most process mining
techniques presume the presence of well-defined processes, whose execution is
recorded in event logs. Event logs represent data about the execution of process activities at a certain level of granularity, which is often assumed to be the
same for all the events in the log. The level of granularity is usually fixated during the preprocessing phase with the help of event abstraction techniques [12],
which allow aggregating fine-grained events into coarse-grained events based on
numerical factors, such as temporal or geographical proximity, concept hierarchies derived from domain knowledge [2] or common execution patterns [6]. The
obtained coarse-grained events describe process activities at the business level,
bearing a specific granularity that results from design choices carried out during
the preprocessing phase and based on the purpose of the analysis.
However, in some application areas, such as the discovery and analysis of
patterns of human [10] and user [1] behavior, fixating the granularity level of
process activities during the preprocessing phase can be challenging and the
resulting “fixed” view over the process bears implications for the analysis and
its outcomes. In this paper, we discuss the problem of choosing a fixed granularity
level for process activities during the preprocessing phase. In detail, in Sect. 2,
we explain why this is a challenging problem and discuss the implications of
having a fixed granularity level on the analysis. Then, in Sect. 3, we introduce
related work, while in Sect. 4, we elaborate on possible solutions allowing for the
representation and mining of multi-granular activities.
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Fixed Granularity: Challenges and Implications

Process mining has expanded to many application areas, including the discovery and analysis of patterns of human [10] and user [1] behavior from sequences
of events, such as sensor data or keystrokes, recording the activities of humans
interacting with smart environments or software systems and artifacts over a period of time (hereinafter interaction traces). Interaction traces include activities
that can be described at many different levels of granularity, i.e., a coarse-grained
activity is composed of multiple finer-grained activities, which are sometimes organized in a hierarchy. For example, let us consider a user filtering an event log
in a process mining tool and assume that activity A in Fig. 1 corresponds to
“filter event log” at level `1 . A can be further detailed into “filter by attribute”
(a1 ) in `2 , or into “select attribute filter”(a1.1 ), “choose attribute”(a1.2 ), “choose
cases or events”(a1.3 ), and “apply attribute filter”(a1.4 ) in `3 .
Usually, the granularity level of the activities in an event log is fixated during preprocessing with the help of event abstraction techniques [12]. However,
during log preparation, it is not always possible to know (C1 ) what is the exact
purpose of the analysis, as this often evolves as data are analyzed, and (C2 ) what
is the most appropriate granularity level of process activities for finding meaningful patterns. Let us consider again the discovery of activity patterns from the
interaction traces of users doing process mining and assume that we aim to find
common patterns of behavior among users. This goal may change during the
analysis, e.g., from analyzing user behavior at a high level to understanding if
users implement workarounds to filter the event log. Besides, the expected structure of meaningful patterns is often unknown during preprocessing and emerges
after some analysis iterations while exploring the data from different viewpoints
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Fig. 1. (Top) Activities (A, B) defined at different levels of granularity (`1 , `2 , `3 ).
(Bottom) Interaction traces (t1 , t2 , t3 ) shown for different levels of granularity. In `1 ,
pattern {A, B} is common to all traces (3); in `2 it can be seen in t1 and t2 if a1 and
a2 can be executed in any order ( ? ), while it cannot be observed in t3 (7).
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and at varying granularity levels. Indeed, patterns can be discovered at all levels
of the granularity spectrum and, sometimes, across granularity levels.
While fixating the granularity level of activities during preprocessing can be
challenging, the resulting “fixed view” over the process has implications on what
analyses can be done and what patterns can be observed. In the remainder, we
discuss some of these important implications (I1 –I4 ). To focus on our problem,
we set aside the typical challenges of event abstraction and correlation [12] and
assume to have the set of all possible activity classes available at different levels
of granularity, potentially organized in a hierarchy like the one in Fig. 1.
(I1 ) First, fixating the granularity of process activities during preprocessing
affects what analyses can be done on the log. Indeed, some techniques do not
work well with fine- or mixed-grained events [12] as they generate models that
are difficult to comprehend and, thus, hinder the (visual) discovery of patterns.
(I2 ) Second, the results of the analysis can be observed only at the chosen
level of abstraction. This may lead to the discovery of unrepresentative patterns
(e.g., in Fig. 1, pattern {A, B} in `1 is not maintained in `2 ) or can prevent
the discovery of patterns at other granularity levels. For example, by choosing a
too-coarse level of granularity, we lose information about fine-grained events that
are mapped into multiple high-level activities. Let us assume that activity B in
Fig. 1 corresponds to “discover process”, b2 is “discover process with heuristic
miner”, b3 is “discover process with inductive visual miner”, and b2.3 , which is
mapped to both b2 and b3 , is “inspect process model”. If we select `1 , we cannot
observe that users always inspect the process model (b2.3 ) after having discovered
the process with the heuristic (b2 ) or inductive visual miner (b3 ). Similarly, we
lose information about the order of fine-grained activities, including concurrency
or interleaving. For example, we cannot detect that activities a1 (e.g., “filter by
attribute”) and a2 (e.g., “filter by variant”) are executed interchangeably in t1
and t2 . Last but not least, when analyzing an event log with a fixed granularity,
it is not possible to observe patterns at different levels of abstraction within the
same analysis nor patterns that span multiple granularity levels. For example, if
we select `1 , we cannot observe that both patterns {A, B} and {a1 , a2 } occur in
t1 and t3 within the same analysis, nor can we observe patterns such as {A, b3 }.
(I3 ) Third, fixating the granularity of process activities during preprocessing
prevents analysts from controlling it and changing it during the analysis, e.g.,
to obtain details-on-demand [9] by showing specific parts at a fine-grained level
while keeping other less relevant parts more abstract. Some process mining algorithms and tools allow adjusting the mined process model based on certain
metrics, but they do not allow users to play with the granularity of activities,
e.g., to explore different granularities based on the analysis focus.
(I4 ) Also, a fixed granularity hinders the possibility of tracing and explaining
the journey from raw data to ready-to-use event logs, as the original events are
often “lost” in the abstraction phase. From interviews and conversations with
process mining users and experts, we have gathered anecdotal evidence that
analysts struggle to explain the models produced by discovery algorithms and
often need to access the raw data or re-engage in preprocessing to validate them.
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Relation between Problem and Existing Work

Regarding activity granularity, the process mining literature has mainly focused
on the problem of event abstraction, which has been tackled from two angles.
On the one hand, techniques capable of dealing with abstraction to produce a
refined version of the log were proposed. On the other hand, research focused on
mining algorithms embedding the abstraction directly into the mining phase.
One of the first works in the first category addresses the issue by describing
a taxonomy of abstraction patterns [6], showing how different process constructs
related to abstraction might be observed and processed. Instead, one of the
most recent approaches constructs graph-based models for event data that support the creation and analysis of event logs where events are related to multiple
activities [3]. Another recent approach [4] focuses on slicing and dicing event
logs where abstraction is handled via process cubes (i.e., where fluid notions
of case are possible and each dimension has a value and a granularity). Many
other techniques have been proposed, as thoroughly reviewed in [12]. A result
of the literature review is that works can be characterized based on: supervision
strategy (unsupervised vs. unsupervised); interleaving of fine-grained events; deterministic nature of the outcome; and whether additional data/perspectives are
considered. Approaches in this group focus on raising all the events in the log to
the same granularity during preprocessing and, thus, assume that a proper level
of granularity is known or discovered before the analysis (cf. C1 and C2 ).
On the second family of approaches, one of the first works is the Fuzzy
Miner [5], which introduces the metaphor of a process model as a road map,
where relevant information is shown, whereas less significant but highly correlated behavior is aggregated, and less significant and lowly correlated behavior
is hidden. These notions of significance and correlations are parametric (and the
user can control them) yet are based on predefined heuristics. Other approaches
focused on subsets of activities [11] to create and analyze “local models”, while
domain-specific techniques based on well-defined execution subtraces have also
been proposed, e.g., to focus on software system processes [7]. A recent approach
allows to iteratively project and abstract the event log and discover a multi-level
process model starting from activity trees [8], i.e., hierarchical clusters of activities. While these approaches allow the user to adjust the abstraction level during
the mining phase, i.e., partially addressing challenges C1 and C2 and implications I1 and I2 , they focus on reducing the complexity of the mined models based
on predefined metrics or subprocesses and do not support the interactive exploration of activity granularities (I3 ), e.g., based on semantic relationships among
activity classes, nor they explicitly address traceability and explainability (I4 ).
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Solving the Fixed Granularity Problem: Initial Ideas

How to best tackle the introduced challenges (C1 , C2 ) and the implications
(I1 –I4 ) is still not clear. Currently, we are thinking about two possible directions,
envisioning a scenario where the choice of the granularity level of activities is
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deferred from the traditional preprocessing phase to the analysis, where users
can explore multiple granularity levels and select the desired one interactively.
(i) A first approach could consist of changing the typical process mining workflow by introducing a new step in charge of preprocessing the log to be consumed by mining algorithms. Envisioning an interactive system, we should
be able to repeat the preprocessing on-the-fly, thus allowing users to quickly
explore scenarios where activities have different granularity levels while leveraging existing process mining algorithms and process modeling languages.
(ii) Another approach would comprise the construction of novel process mining
algorithms capable of mining models from event logs that allow the specification of multiple granularity levels for process activities within the same
model (e.g., along the lines of subprocesses in BPMN or activity trees [8]).
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