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4 ABSTRACT )

Process mining Is a emerging research area that combines data mining and
machine learning, on one hand, and business process modeling and analysis,
on the other hand. This work aims to assess the application of computational
Intelligence and machine learning techniques in process mining context. The
main focus of the study was to identify why the computational intelligence
and machine learning techniques are not being widely used In process
mining field and identify the main reasons for this phenomenon. The stage
of experiments in this study was carried out based on an unstructured
process related to a distance learning supported by a Learning Management
System (LMS).

BACKGROUND

Business Process Management (BPM) involves managing the entire life-
cycle of business processes. In the last stage of that cycle the history of the
execution and monitoring of the instances of a business process can be
assessed so that the process can be optimized [1]. Data mining entalils
Identifying patterns and relationships hidden in a large amount of data; it
can support the decision-making process In an appropriate way [2]. The
combination of BPM and data mining have established a new research field,
known as process mining [3]. Its goal Is to extract knowledge about
events/data from the work carried out in the different stages of BPM, and
thus seek to improve business processes, by discovering links between
variables and behavioral patterns [3]. The event logs must go through a
preprocessing and modeling stage before applying an ML technique.
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Fig. 1. Preprocessed log’s excerpt used in experiments [6]

RESEARCH PROBLEM AND MOTIVATION

Although process mining has been considerably improved in recent years,
there are some types of processes for which no satisfactory mining
technigues has been proposed. However, techniques widely applied in data
mining such as Computational Intelligence (Cl) or Machine Learning (ML)
techniques, have been fairly neglected by the process mining field [4]; as you
can see in the Fig. 2.
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Fig. 2. Cross-distribution among process mining types and data mining techniques [4]

A dataset commonly used in the context of process mining are generate by
ogs that represents the execution flow of unstructured processes. This
processes has a weak causal dependence on its activities, 1.e., these flows
argely depend on the occasional decisions made by their participants, which
makes the execution of the instances different from each other. This high
degree of irregular behavior leads to considerable complexity and represents
a challenge to process mining.
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4 RESULTS AND CONTRIBUTIONS A

Results are valuable for scientists and practitioners related to process
mining. With the aim of contextualizing this research field, we conducted an
extensive systematic mapping study on process mining, which involved
assessing 705 papers published over a ten-year period [4].

A systematic mapping indicated ProM and Disco as the most commonly
used process mining tools[4]. Regarding the process mining types to be used
In this part of the study, we selected discovery and conformance. On the side
of ML we found the categorical prediction task as the most frequently used in
process mining. It was: defined as a binary problem, based on the “pass™ or
“fail” result, aimed to get a model able to predict the outcome for new students.
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Fig. 4. Classifier s evaluation measures
considering two testing strategies

In addition, for classical process mining results, Disco was greatest benefit,
comparing to ProM, is In terms of the provided results’ usability and
readability.
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Fig. 5. Overview of the.discovered process models with Disco

Actually, our research group is focusing in explore the application in process
mining of other CI/ML techniques such as genetic algorithms to discovery
business process.
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