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Abstract. Process mining techniques make the underlying processes in
organizations transparent. Historical event data are used to perform con-
formance checking and performance analyses. Analyzing a single process
and providing visual insights has been the focus of most process min-
ing techniques. However, comparing two processes or a single process
in different situations is essential for process improvement. Different ap-
proaches have been proposed for process comparison. However, most of
the techniques are either relying on the aggregated KPIs or their com-
parisons are based on process models, i.e., the flow of activities. Existing
techniques are not able to provide understandable and insightful results
for process owners. The current paper describes a tool that provides ag-
gregated and detailed comparisons of two processes starting from their
event logs using innovative visualizations. The visualizations provided by
the tool are interactive. We exploit some techniques recently proposed in
the literature, e.g., stochastic conformance checking and the performance
spectrum, for conformance and performance comparison.
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1 Introduction

Process mining [1] is a branch of data science that analyzes business processes
starting from the information contained in event logs. Event logs store the events
executed inside processes w.r.t. time, process instances, activities, and the cor-
responding resources. For instance, in a bank, the act of opening an account
(Activity), for the customer number 123 (Process Instance, or Case ID) by John
(Resource), at 01/10/2021 14:00:10 ( Timestamp) is considered as an event. The
sequence of events for one process instance (Case ID) w.r.t. their timestamps
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Fig. 1: The overview of the proposed tool for comparing two processes using their event logs. After
preprocessing the event logs, two main modules are designed and implemented for detailed and
aggregated comparisons of two processes, w.r.t. behavior and performance similarity. For instance,
using EMD (Earth Mover’s Distance), the cost of mapping one behavior from the first log to the
second one is calculated. Using the Performance Spectrum, the execution times between activities
a and b are compared in two event logs.

is called a case. A trace is the sequence of activities of a case. For instance,
for customer123 (a case), {(open account,deposit money, withdraw money, ...)
is the corresponding trace.

Several techniques, such as process discovery (the automatic discovery of a
business process model using the event log), conformance checking (the compar-
ison between the behavior of an event log and the corresponding process model),
model enhancement (the annotation of the process model with frequency and
performance information) have been provided in the process mining context.
Visualizations often accompany these techniques. For instance, one of the tech-
niques which provides an insightful visualization of event logs is the dotted chart
visualization [17]. Such visualizations are the main resources to compare the be-
havior of different processes (process comparison) since the analyst can visually
spot the differences. Process comparison is also essential to create valid simu-
lation models, and what-if analyses [13]. To compare two processes w.r.t. their
event logs, two significant aspects of the processes can be considered, the control
flow (sequence of activities) and the performance patterns. In this paper, we
focus on these aspects and demonstrate the features and functionalities of our
proposed tool.

We elaborate on the motivation of designing and developing the proposed
tool in Section 2. The scientific novelty and features provided by the tool are
introduced in Section 3. In Section 4, we explain the tool in practice along with
the technical aspects, and Section 5 concludes this paper by discussing the future
work and limitations.

2 Motivation

In this section, the open issues are highlighted by exploring the related work.
Then, the techniques that are used by the proposed tool to address these re-
quirements are briefly explained.
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Several approaches have been proposed for the comparison of processes using
their event logs, e.g., in [18], a case study involves resources and activities com-
parisons. In [11], the authors propose a case study for process comparison among
different hospitals with the focus of activity flows. In [2], the idea of process cubes
is presented and applied to compare the processes in the context of education.
Then, the results of queries are visualized using standard techniques such as dot-
ted charts. In [4], the authors use process cubes to analyze and compare different
aspects of business processes where they generate multidimensional processes.
However, as discussed in [19], the complexity of considering all the dimensions
and the effort to generate a multidimensional process is high, and it is not easy
to provide an understandable visualization for the user.

Most of the current approaches for process comparison are not advanced
enough in both aspects, i.e., conformance checking and performance analysis.
For instance, standard comparison techniques exploit conformance checking be-
tween the event logs and the corresponding process models [5]. In addition, for
performance comparison, general metrics [8] are mainly considered for the com-
parison. Although detailed comparison techniques such as using Earth Mover’s
Distance address this issue, e.g., in [10] and [15], there still exists a gap in trans-
forming insights into comprehensive visualizations.

This paper proposes a tool for systematically comparing two processes or
the outcomes of changed processes in different contexts. This tool supports
and complements the existing comparative process mining techniques. We use
a comparison technique for processes that graphically depicts the differences.
Two main comparison areas are based on the distance between conformance
and performance of two processes. The proposed tool visualizes the performance
and compliance findings interactively. Figure 1 represents an overview of the
proposed tool’s architecture and modules. It includes three main modules, (A)
preprocessing, (B) conformance comparison, and (C) performance comparison.
The conformance comparison is inspired by the distance metrics proposed in [10]
and [15]. For performance analysis, we exploit the idea of performance spectrum
described in [7].

3 Approach

The comparison modules provided by our tool use different conformance and
performance analyses initially proposed to analyze a single process. We adapt
them for comparative purposes and create interactive visualizations for such
comparisons. The modules are explained in Subsection 3.1 and Subsection 3.2.

3.1 Conformance Comparison

This section explains the provided method for the comparison of the control
flow based on the activities and the paths recorded in the event log. We use
a stochastic conformance checking technique to identify differences. A process
consists of different process instances showing the possible paths that can be
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Table 1: An example of EMD measurement for two event logs [15]. The reallocation function allocates
1 out of 50 traces (a, b, ¢,d) in L; to the same trace in Ly and 49 traces to the trace (a, e, ¢, d) which
is the most similar one in Ls. The sum of the table’s values indicates the general EMD value, i.e.,
the difference between the two event logs.

Ara Vab,e,d)|(a,e,b, d)|(a e, e, 4| (a, e, b, d)*0
Ar,

(a,b,c,d)°| 25 x 0 [0x0.5 [ x0.25 [0 x 0.5

(a,c,b,d)*’[0x 05 |5 x0 [0x0.5 o5 X 0.25

taken using the process model. All the possible paths that are unique traces,
i.e., sequences of activities, are considered the process behaviors. Given two
event logs Ly and Lo, we denote Ay, and Ay, as their sets of sequences of
activities. Given this information, we look for the matches and mismatches from
two viewpoints; aggregated and detailed:

— Aggregated Metrics: we consider one of the event logs as a base and

identify the non-existing behavior in another event log. For instance, if
Ar,={{a,b,c),{a,b,e,d)} and Ar,={{a,b,c),{a,b,e, f)}:
e Removed  behavior from Ly in comparison with Lo:
Ar, \AL2:{<G’ b,e, d>}
e New behavior from Lo in comparison with Ly: Ap,\Ar,={{(a,b,e, f)}

AL, \AL, | [AL, \AL, |
[Ar UAL,| and AL, UAL,

removed behaviors, respectively. The pairwise comparison of the behaviors
of processes and their frequencies, which indicate their importance in each
event log, is also considered. One of the results of these metrics using an
example is shown in Figure 2.

Detailed Comparison: we use the idea of Earth Mover’s Distance (EMD) for
the detailed comparison between traces of two event logs. EMD indicates
the amount of effort required to change one pile of earth into the other. We
use the conformance techniques provided in [10] to compute the EMD mea-
surement between two event logs. The frequency of each trace is considered
as the pile that needs to be moved, and the normalized edit distance (Lev-
enshtein) is used to calculate the distance between every two traces. EMD
solves an optimization problem that minimizes the cost of converting one
event log to another one, i.e., it finds the best reallocation function. The
outcome of applying the proposed EMD measurement to two sample event
logs is shown in Figure 3. The x-axis and y-axis represent the unique traces
in the first event log (L) and the unique traces in the second event log (L1),
respectively. Thus, each row is the relative effort that the first unique trace
in L; needs to be transformed into one or more unique traces in Ly. The
details of functions and formal definitions are discussed in [13].

And the measures  are the fraction of the new and

3.2 Performance Comparison

General performance KPIs at a high level of aggregation, e.g., the average wait-
ing time of traces, or the average service time are too abstract to be used as
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Fig.2: The comparative frequency chart represents the similar behaviors, removed behaviors, and
the new behaviors w.r.t. the second event log.
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Fig. 3: Two example event logs are compared in detail. The EMD diagram depicts the differences
between the two event logs in terms of the activity flow. For example, the cost of mapping each trace
to the second event log is based on the activities, the order of activities, and the frequency of traces,
i.e., the distance between two logs.

comparison metrics. Therefore, besides the usual metrics, we propose the usage
of the performance spectrum [7]. The performance spectrum is a concept intro-
duced to visualize the performance of a process at a detailed level. If we consider
a single path between two activities a and b, the performance spectrum shows all
the temporal segments going from an event having activity a to an event having
activity b in the cases of the event log. This permits to identify the time intervals
with higher/lower performance, the queuing pattern (FIFO/LIFO), and other
performance patterns that are useful for predictive purposes [6,9].

We use the information of the performance spectrum to calculate statistics for
each segment (namely, the average time and the frequency) that are compared
between two event logs. Figure 4 shows the result of the introduced performance
measurement for two example processes. It represents different aspects of the
results: (1) new/eliminated segments, (2) frequency of each segment, and (3)
duration of each segment. For instance, given L; and Lo, each segment’s colors
refer to an event log, the size refers to the average time difference between the
segments, and the transparency indicates the frequency (darker, more frequent).
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Fig. 4: Part of the performance measurement for the example process is based on the aggregated
performance spectrum. Each event log is represented by a different color, i.e., blue for the original
and yellow for the simulated one. Overlapping segments are represented by the gray color (same
duration between segments). Each point’s transparency and size indicate the frequency and duration
of the segment in the event logs.

The gray color represents the overlapped segment in two event logs with similar
performance metrics, the blue color shows the segments in the original log L1,
and the yellow points represent the new segment existing in Ls. The implemen-
tation also includes the option to display only the differences (red points).

4 Tool

In this section, we describe the availability, components, and maturity of the
tool.

4.1 Availability

The tool is implemented as a web application. The code is publicly available.?
The tool is implemented in Python, and the web-based interface has been imple-
mented using Flask. By uploading two event logs, the comparison results w.r.t.
different aspects are presented interactively. The process mining insights are on
the basis of [3], [15], and [16]. The tool is also available as a Python library,
which makes further extension and integration for different purposes possible.

4.2 Components

The tool offers four different components. For the conformance comparison, the
EMD Comparison tab provides the Earth Mover’s distance between the traces of
the first event log against the traces of the second event log. With the selection
of the variants, it is possible to focus the visualization on a given set of variants.
The Variants Frequency Comparison tab compares the relative frequencies of
the variants recorded in the first and second log. The Overlap Between Logs tab

3 https://github.com/mbafrani/VisualComparison2EventLogs
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shows how much the behavior between the two logs overlap. Finally, the Aggre-
gated Performance Spectrum tab compares the performance of the segments in
the first and the second event logs. In the component, it is possible to visualize
the comparison between the performance, the aggregation of the performance in
the first event log, or the aggregation of the performance in the second one.

4.3 Maturity

The authors have used the tool in multiple projects.* For instance, it has been
used for assessing the quality of the simulation results in [14,12]. Moreover, a
comparison of production lines with different settings, e.g., removing one of the
stations and introducing concurrency in the process, has been done w.r.t. the
process behaviors as well as performance aspect in the Internet of Production
project of the RWTH Aachen University.®

5 Conclusion

The goal of process mining techniques is to provide insight into the processes of
organizations. Several techniques such as process model discovery, conformance
checking, and social network analysis are proposed to analyze an event log,
while some limitations exist in the comparison between two processes. Given the
complexity of the comparison task, such techniques are valuable when the result
is able to be presented comprehensively. This paper proposed innovative and
interactive visualizations to understand the differences between two processes
using their event logs. Our approach is implemented as a tool that can be used
with other process mining and comparison techniques to capture the difference.
In the current version, the tool supports comparing the traces of the two event
logs and the performance comparison. As future work, we aim to support process
comparison w.r.t. resources, i.e., social network analysis and roles, and embed
expert knowledge.
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