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Abstract Technology-mediated learning offers new pos-
sibilities for individualizing learning processes in order to
discover, monitor, and enhance students’ learning activi-
ties. However, leveraging such possibilities automatically
and at scale with novel technologies raises questions about
the design and the analysis of digital learning processes.
Process mining hereby becomes a relevant tool to leverage
these theorized opportunities. The paper classifies recent
literature on individualizing technology-mediated learning
and educational process mining into four major concepts
(purpose, user, data, and analysis). By clustering and
empirically evaluating the use of learner data in expert
interviews, the study presents three design patterns for
discovering, monitoring, and enhancing students’ learning
activities by means of process mining. The paper explains
the characteristics of these patterns, analyzes opportunities
for digital learning processes, and illustrates the potential
value the patterns can create for relevant educational
stakeholders. Information systems researchers can use the
taxonomy to develop theoretical models to study the
effectiveness of process mining and thus enhance the
individualization of learning processes. The patterns, in
combination with the taxonomy for designing and analyz-
ing digital learning processes, serve as a personal guide to
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studying, designing, and evaluating the individualization of
digital learning at scale.
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1 Introduction

The gold standard for helping learners to acquire and
comprehend knowledge is a personal human educator. This
is because human educators can recognize learners’ gaps,
anticipate needs, suggest suitable learning materials, or
provide individualized feedback. However, such individu-
alized learning is only common in small classes, as such
learner-centered teaching approaches are hardly scalable to
large classrooms (Gupta and Bostrom 2013; Huang et al.
2021). Therefore, individual support and personal recom-
mendations for students in their learning processes remain
a pending challenge that has not yet been solved in many
contemporary learning scenarios (e.g., Kulik and Fletcher
2016). By learning scenario, we mean a certain course,
class, or lecture which an educator or a machine is giving
to students to help the students reach certain learning
outcomes (e.g., understanding and applying a programming
language). High schools and universities struggle to offer
this kind of individual support due to financial and orga-
nizational constraints (Seaman et al. 2018). As Winkler
et al. (2021) state, “the growing number of [large] class-
room sizes in high schools and vocational schools, mass
lectures at universities with more than 100 students per
lecturer, and massive open online courses (MOOCs) with
more than 1000 participants make individual interaction
with a teacher or tutor even more difficult” (Winkler et al.
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2021, p. 1). Several studies have revealed that this lack of
individualized support leads to procrastination, low learn-
ing outcomes, high dropout rates, and dissatisfaction with
the overall learning experience, which can ultimately
widen the gap among students (Eom et al. 2006; Brinton
et al. 2015; Hone and El Said 2016; Huang et al. 2021).

In response to the lack of individual student guidance,
there is a steady growth of technology-mediated learning
(TML) information systems in education, such as the
learning management systems Canvas or Moodle. These
systems both facilitate the traditional teacher route to
personalized learning and enable the more learner-centered
route, where learners take a more active role in their edu-
cational journey (Betts and Rosemann 2022). Extending
this concept further, the integration of machine learning
and artificial intelligence into these platforms proposes a
machine or augmented route that offers unprecedented
opportunities for personalized learning experiences at scale
(Betts and Rosemann 2022). TML thus represents a solu-
tion for providing more individualized learning support and
TML systems offer the potential to analyze the students’
learning process and identify potential gaps that can be
addressed through individualized learning recommenda-
tions (Gupta and Bostrom 2009, 2013). According to
Dahlstrom et al. (2014), 99% of U.S. colleges and uni-
versities organize their learning scenarios in a standard
learning management system. Taking a TML perspective, a
learning process is a sequence of single learning activities
students perform to reach a certain learning goal (e.g.,
analyzing a historical text, and discussing its meaning with
peers to understand the complexity of a certain historical
event).

Both the organization of courses in a system and the
embedding of exercises in intelligent tutoring systems (i.e.,
Kulik and Fletcher 2016) or computer-supported collabo-
rative learning tools (i.e., Dillenbourg et al. 2009) are
expected to continuously grow to a market size of $336.98
billion by 2026 (Bogarin et al. 2018; Syngene Research
LLP 2019; Romero and Ventura 2020). However, a
learning management system that only organizes courses
does not necessarily provide individualized learning
experiences to learners (Huang et al. 2021). It is important
to capture learner behavior and preferences while deploy-
ing and managing learning materials and activities
(Nguyen et al. 2020b; Huang et al. 2021). Canvas or
Moodle offer promising opportunities to capture data about
learning activities. For example, rich traces are captured in
event logs — a combination of data points based on a
timestamp, an event ID, and an activity (e.g., starting or
ending event of a particular exercise at a certain time),
textual data (e.g., written essays) or measured learning
outcomes (e.g., a student’s skill level after taking a quiz)
(Nguyen et al. 2020b; Cerezo et al. 2020; Han et al. 2021).
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This opens promising potentials to discover individual
learning activities at different granularity levels, anticipate
learner needs, and create individualized learning experi-
ences (Nguyen et al. 2020b; Han et al. 2021).

Even though TML systems in education are omnipre-
sent, the potential of leveraging the created learner data for
monitoring, discovering, and enhancing the stu-
dents’learning has not been tapped (e.g., Nguyen et al.
2020a). Process mining techniques provide an effective
way to use learner data to improve education by combining
the benefits of learning analytics with process modeling
and analysis. For example, process mining can be
employed to enhance the identification of students at risk of
dropping out or underperforming by analyzing their inter-
action patterns as learning processes in online learning
platforms such as Moodle or Canvas. By examining
sequences of activities and their frequencies, educators can
pinpoint deviations from successful learning paths and thus
receive a more transparent analysis compared to contem-
porary non-process focused monitoring techniques. Origi-
nating as a sub-discipline of data mining, process mining
adds a process-oriented perspective to the analysis of data
in business processes (van der Aalst 2012; vom Brocke
et al. 2021). While usual learning analytics primarily
focuses on data dependencies and pattern predictions of
single-learner activities (Romero and Ventura 2020), pro-
cess mining can consider existing event logs beyond a
single activity (Bogarin et al. 2018; Sollner et al. 2018;
Juhanak et al. 2019; Cerezo et al. 2020). We refer to this
learner-centered process viewpoint to analyze and improve
digital learning activities as educational process mining.
Based on the previously mentioned event logs, educational
process mining can provide additional benefits for
designing and analyzing learning processes based on data
by crossing the boundaries of single events or tasks and
enriching the analysis from a learner’s process perspective
(Sollner et al. 2018; Roth 1970).

While process mining is a well-established field of
research and the theoretical benefits of educational process
mining appear to be clear, the empirical exploration of
applications and their practical implementation is not as
straightforward (Ghazal et al. 2018; Rogiers et al. 2020).
Thus, our understanding of educational process mining
lacks a conceptualization of relevant and varied learning
scenarios, including process mining’s implications for the
different, relevant stakeholders, including educators, insti-
tutions, and learners. This gap highlights the need for a
detailed exploration of educational process mining for the
different stakeholders (e.g., educator, institution, or lear-
ner), the technology (e.g., the applied discovery algorithm),
the pedagogical context (e.g., in which educational domain
or for which learning objective and task educational pro-
cess mining is analyzed) and its effect on individual
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learning outcomes (e.g., Okoye 2019; Cerezo et al. 2020).
An interdisciplinary information systems viewpoint is
important to systematically design, analyze, and compare
the various configurations of process mining that extends to
the particular application domain of education (Sidorova
et al. 2008; O’Neill et al. 2011; Matook and Brown 2017;
vom Brocke et al. 2021). This research aims to advance the
field by aggregating knowledge about the dimensions and
characteristics of educational process mining (Nickerson
et al. 2013), enabling more effective discovery, monitoring,
and enhancement of student learning processes. Our study
seeks to address this need by answering the following
research question (RQ) on the design and analysis of digital
learning processes through process mining:

RQ1 What are the dimensions and characteristics of
designing and analyzing digital learning processes with
educational process mining?

In a subsequent step, we are interested in equipping
information systems researchers and educational practi-
tioners with useful information and tools to translate
knowledge on educational process mining into tangible
design steps of leveraging digital learning data. According
to Schoonderwoerd et al. (2022), design patterns are proven
solutions for recurring problems that make complex
domain knowledge accessible and applicable for non-do-
main experts (e.g., providing educators or educational
designs with support to design and analyze digital learning
processes). Design patterns have been proven to be a fea-
sible way to communicate design knowledge on IT artifacts
in general (e.g., Dickhaut et al. 2022), as well on digital
learning processes, specifically (e.g., Weinert et al. 2021).
We aim to build upon the design pattern paradigm to
address the challenges of designing and analyzing learning
process with educational process mining and pose the
following, subsequent question:

RQ2 What are the design patterns for using data to dis-
cover, monitor, or enhance students’ learning processes?

Consistent aggregation of the characteristics and
dimensions of the design and analysis of learning processes
based on educational process mining will help researchers
and practitioners to systematically use data to discover,
monitor, and enhance students’ learning paths. The design
patterns, derived from our taxonomy and informed by
expert interviews, enable educational designers to enhance
learning processes within TML environments. Our research
emphasizes the need for stringent data regulation to ensure
the ethical use of digital educational data. Overall, our
findings contribute to improved design, analysis, and
evaluation practices in digital learning.

2 Conceptual Background

2.1 Concepts and Applications of Data and Process
Mining

Since the 1980s, the application use cases and relevance of
data mining in business have substantially increased (Chen
et al. 2012). We follow the definition of Bissantz and
Hagedorn (2009, p. 118), who define data mining as “the
extraction of implicitly available, non-trivial, and useful
knowledge from large, dynamic databases with relatively
complex structures.” By facilitating better monitoring,
identification, and analysis of raw business data, data
mining aims to automate data preparation and analysis
(Bissantz and Hagedorn 2009). Process mining intends to
help organizations improve their understanding of pro-
cesses by means of the identification of variants of a
business process, identification of noncompliant behavior,
performance of relevant insights, or assurance of the
quality of discovered process model (van der Aalst et al.
2012, vom Brocke et al. 2021).

The application of data mining in the educational
domain referred to as educational data mining evolved as a
result of the availability of educational data collected by
TML environments (Lemay et al. 2021). A related concept
is learning analytics (see Fig. 1 for an overview and pro-
posed demarcation of related concepts). Learning analytics
aims to discover useful insights into a user’s learning
behavior from large educational data sets and activities,
that is, the discovery of information (i.e., what is the cur-
rent sentiment of the learner), generation of learning pro-
gress (i.e., what is the learner’s relative and absolute
progress) or understanding learner behavior (i.e., what are
the personality and learning routines like) (Nguyen et al.
2020a). Hence, learning analytics embodies a learner-cen-
tered perspective (e.g., employ analytics to inform or
empower instructors or learners about learner gaps or
preferences). Learning analytics applications focus on
evoking data-based interventions for learners to enhance
their learning behavior (Chatti et al. 2012). Methods of
learning analytics include classifications and predictions to
monitor, individualize, and enhance learning behavior, the
visualization of learning data and insights, social network
analysis to identify relationships between learners, and
optimization of individual learning activities (Chatti et al.
2012). Regarding the data sources, learning analytics can
process various large data sets that are generated by TML
environments and also other sources, such as social net-
works or physiological data.

Educational process mining can be viewed as a subfield
of learning analytics, which uses process mining tech-
niques to add a process-centered perspective on learning
behavior (Bogarin et al. 2018; Juhanak et al. 2019; Cerezo
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DATA MINING

Primary objective: discovery

of patterns and relations in

raw business data to inform
decision-making

Learning Analytics

through Educational Data
Mining
Primary objective: discovery
and analysis of learning
activities to trigger learner
interventions enabled

PROCESS MINING

Primary objective:
discovery, monitoring,
and analysis of
business
processes through
enterprise IS-
generated event logs

through Technology-
Mediated Learning (TML)

\ Primary objective: discovery,

EDUCATIONAL PROCESS
MINING

monitoring, and analysis of learning
processes through technology-
mediated learning-generated event
logs

Fig. 1 Overview and proposed demarcation of related concepts of educational process mining

et al. 2020). More specifically, educational process mining
aims to analyze log data from TML environments to
monitor, discover, and enhance learning processes (Cerezo
et al. 2020). Its unique characteristic is that it specifically
deals with the analysis of educational data logs and,
therefore, aims to better understand learning processes, that
is, learning process discovery, social network discovery,
process monitoring, process analysis, or the enhancement
of processes and flows. Instead of analyzing single data
points of the learner’s journey, educational process min-
ing’s process-oriented perspective assists in uncovering the
entire end-to-end learning process and the dependencies
among the activities in the process, that is, the learner’s
success or other measures of success.

In the following, we refer to the three major educational
process mining activities of discovering, monitoring, and
enhancing learning processes and activities. Consequently,
educational process mining uses analytical methods for
educational data. The academic discourse around educa-
tional process mining is increasing because this subfield of
learning analytics offers a new, holistic, process-centered
perspective on learning. Such a dynamic perspective is
beneficial for individuals, educators, and organizations
alike. The focus on learner processes during their educa-
tional development is a pedagogically beneficial perspec-
tive and has been well described in literature (Roth 1970;
Sollner et al. 2018). Thus, educational process mining is a
technology that could bring back the learning-process-
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centered perspective developed by Roth (1970) and thus
offers a process-centered perspective in the analysis of
learning paths. Figure 2 illustrates an architecture of rele-
vant scenarios in practice.

User data is generated automatically as a learner inter-
acts with the learning environment (such as the system in
Fig. 2) through clicks, chat protocols, review comments, or
specific learner content, such as written student texts.
These event logs are then used to fuel the learning process
model, which is used to discover, to conform, or enhance
the system. With the continued expansion of TML, an
enormous amount of student-centered data can enrich the
pedagogical embedding itself (e.g., Wambsganss et al.
2021) through personalization, recommendations (Nguyen
et al. 2020b), and formative feedback (Hattie and Tim-
perley 2007). As well it can also support the educators and
institutions who monitor and evaluate learning processes
by extracting information from the models and acting on
the findings.

Three basic types of process mining can be distin-
guished (van der Aalst 2012; Bogarin et al. 2018):

e Process discovery modeling and visualizing student
learning processes, for example, to track a student’s
individual learning journey or the curricular path a
student takes.

e Conformance checking determining whether an
observed learning process conforms to a pre-defined
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Fig. 2 Overview of an
architecture of educational
process mining scenarios
according to Bogarin et al.
(2018)
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learning process model in order to, for example,
identify weaker students (outliers) or assess compliance
with guidelines and prescriptions.

e Process enhancement extending a given learning pro-
cess model using information extracted from a specific
event log related to the same process, for example, to
detect bottlenecks or provide students with adaptive
feedback on their process.

Data mining and process mining, and more specifically,
their subfields of learning analytics and educational process
mining methods, can be used in the educational domain to
enrich learning scenarios with data-driven value. However,
this requires an understanding of the anatomy of TML (a
general overview can be found in Gupta and Bostrom
2009). With their call for TML research 20 years ago,
Alavi and Leidner (2001) defined TML as “an environment
in which the learner’s interactions with learning materials,
peers, and/or instructors are mediated through advanced
information technology” (Alavi and Leidner 2001, p.2). As
Gupta and Bostrom (2009) noted, TML includes “all the
elements of a social-technical system: technology and
learning techniques, process, actors, actions, and out-
comes” (Gupta and Bostrom 2009, p.3). Scholars in dif-
ferent disciplines have used the terms e-learning, online
learning, distance learning, technology-enhanced learning,
or IT-supported learning synonymously (Gupta and Bos-
trom 2009). TML is based on the underlying assumptions
that a particular learning context influences the embedded
learning structures (DeSanctis and Poole 1994).

In this paper, we follow a constructivist understanding
of learning, which describes how knowledge is always

constructed by the learner and can be influenced by expe-
riences (Vygotsky 1980). In this vein, the learning expe-
rience is influenced by a learning method. The framework
of TML focuses on the learning process of a learning
activity. By definition, a learning process describes the sum
of the individual activities a student performs. According to
Gupta and Bostrom (2009), it describes how a student
interacts with and adapts the learning method structures. A
learner’s process is a complex phenomenon and includes
variables such as cognitive processes and interactions
related to the learning methods. Gupta and Bostrom (2009)
define learning outcomes as the pivotal measurement of the
success of a learning process in TML. Accordingly,
learning outcomes are “the target assessment or measures
used to determine the achievement of learning goals”
(Gupta and Bostrom 2009, p. 691), e.g., in a certain indi-
vidual learning scenario. With “individual learning sce-
nario”, we mean a certain pedagogical set-up where a
learner receives adaptive feedback on her own learning
progress, for example, from a human educator (or artificial
tutoring system) that recognizes learner gaps, anticipates
needs, suggests suitable learning materials, and provides
individualized feedback.

Educational process mining can contribute to different
elements of the TML framework. It can have a structural
impact (e.g., an impact on learning method structures as a
technology that directly influences the learning process of
students) or a process impact (e.g., by using it to better
measure appropriation or learning outcomes).

@ Springer



T. Wambsganss, A. Schmitt: Enhancing Personalized Learning Through Process Mining, Bus Inf Syst Eng

2.2 Related Work on Technology-Mediated Learning
and Learning Processes

Literature on TML has mostly focused on the implemen-
tation and analysis of personal and adaptive learning
environments, e.g., based on adaptive formative feedback
(Hattie and Timperley 2007; Ifenthaler and Gibson 2019).
Here, perspectives in learning analytics, such as educa-
tional process mining, can enhance the adaptivity or the
possibility of individual feedback and recommendations in
TML environments (Bogarin et al. 2018). Nevertheless,
literature has in the past mostly approached the use of
process mining for educational purposes from a technical
perspective. For example, Mouchel et al. (2023) used
process mining to better understand the learning and revi-
sion behavior of students who received intelligent writing
support (Mouchel et al. 2023). Ludwig et al. (2024) applied
a sequence mining approach to behavioral process data to
predict problem-solving success of students, which ulti-
mately allows instructors to better intervene with person-
alized scaffolding. Another example is He et al. (2021),
who applied different process mining techniques, such as
Fuzzy miner or pMiner, to 122,167 event logs from 527
undergraduate students extracted from the learning man-
agement system Moodle in order to track students’ self-
regulated learning patterns in response to a formative
assessment (He et al. 2021). Also, research in information
systems and educational technology has motivated research
and studied the effect of various learning scenarios and
configurations based on educational process mining (e.g.,
Johnson et al. 2019; Cerezo et al. 2020). This includes, for
example, the investigation of the impact of metacognitive
prompts on self-regulated learning (Engelmann and Ban-
nert 2019), the investigation of student adherence to a
recommended course path (Cameranesi et al. 2017), and
the investigation of process-based feedback during medical
training (Lira et al. 2019). The expanding number of
interdisciplinary studies on educational process mining
emphasizes the importance of a holistic understanding of
its design, capabilities, and potential repercussions (Bog-
arin et al. 2018; Costa et al. 2020).

Still, research is distributed over a wide range of socio-
technical and technological viewpoints, resulting in a
critical lack of an integrated perspective. For instance, in
their systematic literature review, Ghazal et al. (2018) did
not derive specific educational process mining traits and
dimensions and instead concentrated on technical factors.
Bogarin et al. (2018) have presented a systematic sum-
mary; however, they did not use a clear methodological
approach, such as a systematic literature review (Webster
and Watson 2002; vom Brocke et al. 2015). Costa et al.
(2020) only considered process mining literature on Moo-
dle, making the review inapplicable to other learning
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scenarios. Assessing the potential of educational process
mining for individualized learning scenarios and deriving
suitable design characteristics requires an integrative per-
spective based on TML and the potentials described before.
Here, classifications of educational process mining are
beneficial for developing tailor-made use case applications
for different stakeholders (e.g., educators, institutions, or
learners). Several scholars have highlighted the lack of
shared information about the embedding of process mining
in various TML scenarios, as well as the lack of insights
into the involved users (e.g., educator, institution, or lear-
ner), the technological context (e.g., the discovery algo-
rithm used), or the pedagogical structure (e.g., in which
educational domain or for which pedagogical task process
mining is analyzed (Ghazal et al. 2018; Rogiers et al.
2020). In fact, present reviews fall far short of providing a
complete and solid structure for educational process min-
ing applications. A systematic classification of educational
process mining scenarios from a TML would allow
researchers to more effectively design, evaluate, compare,
and theorize how different technological embeddings of the
young field of process mining impact student learning
outcomes in a specific learning scenario and task. A TML
perspective would allow the classification of a certain
information system into key aspects (user, task, structure,
and technological standpoint), which results in varied
configurations and outputs (Bostrom and Heinen 1977,
Gupta and Bostrom 2009). We want to fill this knowledge
gap by deriving a unique taxonomy that aids decision-
making when developing, designing, and evaluating rele-
vant scenarios and applications, as well as by specifying
the links of educational process mining characteristics to
the outcome of a learning scenario. Educational process
mining can serve as a key for creating and establishing
individualized learning scenarios and help information
systems researchers and educators design and analyze
digital learning processes more effectively. Here, the
design and analysis of learning processes refers to the
systematic creation and evaluation of educational strategies
and methods to enhance student learning experiences and
outcomes. This involves developing educational interven-
tions (design) and assessing their effectiveness and impact
on learning (analysis).

3 Research Methodology

To answer RQI1, we systematically classify the objects of
interest for designing and analyzing learning processes
with educational process mining (Sect. 4). Therefore, we
follow a taxonomy development process (Nickerson et al.
2013; Kundisch et al. 2021) and PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-
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Analyses, Mother et al. 2009) (Steps 1, 2, and 3 in Fig. 3).
RQ?2 is answered based on the result of the systematical
literature review from RQI, by clustering the resulting
empirical papers about the design and analysis of learning
processes with educational process mining and collecting
additional empirical data from field interviews to dive
deeper into the design patterns of recurring challenges
(Steps 4 and 5 in Fig. 3).

3.1 Step 1: Database Creation Through a Systematic
Literature Review

We conducted a literature review to identify relevant
material as the foundation for the systematic construction
of a taxonomy according to Webster and Watson (2002),
vom Brocke et al. (2015), and PRISMA from Mother et al.
(2009). Based on recent literature reviews on educational
process mining (e.g., Bogarin et al. 2018; Costa et al.
2020), we identified different keywords that researchers
used to describe process mining in the educational
domain.Based on the keywords, we created the following
search string: [ “Process Mining” OR “Workflow Mining”
OR “Task Mining”] AND [“Education” OR “Learning
Analytics” OR “Training” OR “Skill Development” OR
“Student” OR “Teaching” OR “Learner” OR “Peda-
gogic” OR “University”]. We selected two major areas for
educational process mining research: information systems

and educational technology. They cover a sizable portion
of the literature on our topic of interest. To find relevant
studies that applied process mining in educational scenar-
ios, we applied the search strings to the following six
databases: AlSeL, EBSCO, ScienceDirect, ProQuest ABI
Inform, IEEE Xplore, and ACM Digital Library (see
Fig. 4).

The process of applying the four steps of PRISMA
(Mother et al. 2009), namely Identification, Screening,
Eligibility, and Inclusion, is presented in Fig. 4, along with
justification for the inclusion and exclusion of studies in
each step.

We identified 3028 studies from six databases in January
2024. After the initial screening of titles, abstracts, and
keywords and removing of duplicates, we counted
N = 2944 studies. Next, we reviewed the studies to ensure
that they met the selection criteria and applied to the
subject of our study. We eliminated studies that did not
mention process mining or that used process mining in an
area other than education. Many manuscripts were rejected
because they represented a distinct study scope. Several
studies, for example, addressed mineral mining or machine
learning and process mining outside of an educational
environment and were thus excluded from our sample. This
filtering yielded 77 empirical studies for review that ref-
erenced using process mining in education throughout their
research. Following that, a forward and backward search

1) Database 2) Taxonomy 3) Taxonomy 4) Taxonomy 5) Design
i \% valuati u i
Creation Development Evaluation Clusterin Patterns
(7] Search, analyze and Deflne_ m_eta- Evaluate Cluster Evalute
o synthesize literature characteristics and dimensions and analysis to reveal the usage of edu-
11} y run taxonomy - . Y cational process
[ about TML and characteristics with natural o .
»n . development - mining for recurring
educational process ; - experts patterns in literature
mining iterations problems
Taxonomy o
8 Literature review development Expert Cluste_r Quallta_tlve
. . analysis interview
T (vom Brocke et al., (Nickerson et evaluation
= | 2015; Mother etal. al., 2013; (Szopinski I(?ﬁ“s‘;’gfe:v% ,El'\gfr;z:
s 2009) Kundzlsoczh1 §zt al., etal, 2019) 2005) 2007)
O
(4 Educational process Database with 79 Semi- Database with 79 Semi-
=) S . structured expert ! structured expert
mining literature articles ) : articles ) :
(@) interviews interviews
(7))
|¢2 Taxonomy of
— Database with 79 des@n . Evaluated Three Design pattlerns
2 . characteristics natural for recurring
) articles f . taxonomy )
w or educational groupings problems
14 process mining

Fig. 3 Overview of our five consecutive research steps
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Identification of studies via databases and registers ]

Identification

Searched for [“Process Mining” OR
“Workflow Mining” OR “Task Mining”]
AND [“Education” OR “Learning
Analytics” OR “Training” OR “Skill
Development” OR “Student” OR
“Teaching” OR “Learner” OR
“Pedagogic” OR “University”] in the
title, abstract, and keyword in AlSeL,
EBSCO, Science Direct, ProQuest ABI
Inform, IEEE Xplore and ACM Digital
Library databases.

Records identified from 6 databases
(total= 3028)

AISeL (n=332),

Screening

Records screened
(n=3028)

Identified redundant and duplicated
articles from multiple sources.

Removed studies that did not mention
process mining or that used process
mining in an area other than education.

EBSCO (n=238),

Science Direct (936),

ProQuest ABI Inform (n=401),
IEEE Xplore (n= 565)

ACM Digital Library (n= 556)

Y

Records excluded after title, abstract and
keyword check (n=2904).

A 4

A 4

Eligibility

Articles were reviewed for empirical
studies on the design and analysis
characteristics for digital learning process
based on process mining.

Reports assessed for eligibility
(n=100)

Duplicate records removed (n= 24 )

Records excluded after further
evaluation (n=23)

Included

\

J

Articles focused on the design and
analysis of the digital learning process
based on process mining were further
considered for evaluation and to develop
the taxonomy.

Studies included in review (n=77)

A 4

Nineteen studies were non-empirical
articles (e.g., literature reviews).

Two studies were added to the list after

A 4

Fig. 4 Systematic review of articles using PRISMA (Mother et al. 2009)

was performed following Webster and Watson (2002).
Two publications were added to the list after checking the

references, resulting in 79 relevant papers.
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checking the references, resulting in 79
relevant studies (n=79)

3.2 Step 2: Taxonomy Development

Our goal was to offer a holistic yet nuanced framework on
educational process mining. We used the taxonomy
development method of Nickerson et al. (2013), which has
been used in several previous information systems studies
(e.g., Singh and Varshney 2020). Their approach to
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constructing taxonomies is iterative and systematic and is
based on theoretical underpinnings (deduction) and
empirical data (induction). We constructed several
dimensions and characteristics based on the published
research regarding process mining in education and the
empirical evidence of certain meta-attributes. The purpose
of a meta-characteristic is to systematically identify design
and analysis elements for a digital learning process based
on educational process mining applications to better
identify, design, and compare process mining applications
in educational contexts. To do so, we looked at educational
process mining design characteristics from a TML per-
spective (Gupta and Bostrom 2009) to form a holistic
contribution to the current knowledge of process mining in
the specific domain of education.

3.2.1 Paper Analysis

The 79 relevant publications were examined from a con-
cept-centric standpoint using an abductive technique. We
created a list of master codes and descriptions to reflect
various situations to consolidate the findings from recog-
nized educational process mining investigations. These
master codes and their development are depicted in
Table 1. We followed the TML standpoint for the codes to
identify design characteristics of process mining applica-
tions (Alavi and Leidner 2001; Gupta and Bostrom 2009)
(i.e., user, task, technology, and structure). Hence, we
started with the definitions and dimensions of user, task,
technology, and structure provided by Alavi and Leidner
(2001) as well as Gupta and Bostrom (2009). The iterative
procedure necessitated numerous rounds of coding of the

discovered publications. The procedure began with three
researchers independently coding a subset of ten randomly
selected articles. We described the situation in which
process mining was utilized and defined the distinct design
elements based on the employed technology, the learning
environment, the user, and the overall pedagogical frame-
work for each of these ten studies. We held a workshop to
explore how to incorporate process mining design elements
across studies, which resulted in a unique set of charac-
teristics and descriptions. During the subsequent rounds,
one researcher coded 25 articles based on the previous list
and definitions. Following that, three researchers and two
practitioners from a process mining software provider
convened to discuss the findings. If the coding was
ambiguous, the process mining characteristics and
descriptions were debated and revised until a consensus
was established. We added process mining qualities to our
list in each cycle, based on the TML dimensions and
descriptions, until all the articles were coded.

3.2.2 Taxonomy Iterations

Nickerson et al. (2013) provide many subjective and
objective criteria, also known as ending conditions, that a
taxonomy must meet at the end of the iterative taxonomy-
building process. To identify when to halt the iterative
process, we developed the following ending criteria (EC).
(A) At least one object (educational process mining
scenario) is categorized under each dimension’s
characteristic.
(B) No new dimension or characteristic was added in the
previous iteration.

Table 1 Taxonomy development iterations and master codes based on Nickerson et al. (2013)

Iteration Approach Taxonomy EC met
1 Conceptual-to- T; = {Task (intended timeframe, interaction duration, focus of analysis, area of implementation), A, C
empirical Structure (learning context, learning outcome, cognitive domain, application domain), User (main end
user, objective user measurement, subjective user measurement), Technology (process mining type,
tool, discovery algorithm, data collection interface, visualization, data format)}
2 Empirical-to- T, = {Task (area of implementation, primary learning task), Structure (learning context, primary A, C
conceptual learning outcome, cognitive domain, application domain), User (main end user), Technology (process
mining type, data collection interface, visualization of process mining results, data input)}
3 Empirical-to- T3 = {Task (area of implementation, learning task), Structure (learning context, learning outcome), A, C
conceptual User (intended main end user, involved learners), Technology (data input beyond event logs, data
collection interface, process mining type, analysis beyond process mining, output representation) }
4 Empirical-to- T4 = {Task/Structure (area of implementation, educational level, learning outcome, learning task), User A, C
conceptual (intended main end user, involved learners), Technology (data input beyond event logs, data collection
interface, process mining type, analysis beyond process mining, output representation)}
5 Empirical-to- Ts = {Purpose (application focus, learning mode, learning outcome, learning task), User (intended A, B,
conceptual main end user, learning context), Data (data input beyond event logs, data collection interface), C, D
(expert Analysis (process mining type, analysis beyond process mining, output representation)}

interviews)

@ Springer
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(C) Dimensions and traits are distinct and do not reoccur.
(D) The taxonomy classifies every known object.

The final taxonomy should satisfy all the finishing
requirements. We began with a conceptual-to-empirical
cycle and then moved on to four empirical-to-conceptual
cycles. For example, for the first conceptual-to-empirical
cycle (iteration 1), we started with the theoretical concepts
(conceptual) of TML (Alavi and Leidner 2001; Gupta and
Bostrom 2009) (i.e., task, structure, user, and technology)
and mapped them to the first empirical papers (empirical)
retrieved from our database. In the next cycle (iteration 2),
we then conducted an empirical-to-conceptual cycle where
we refined (e.g., changed, removed, or added) the concepts
based on the additional literature from our database.
Table 1 depicts the progression of our taxonomy. The fifth
iteration presents the results from our expert-interview
evaluation further explained in the next section. The col-
umn “Taxonomy” depicts the master codes. We catego-
rized each of the 79 studies five times until all ending
conditions were fulfilled.

To sum up, we reviewed and organized research sug-
gesting that an individual’s learning process can be char-
acterized along four main dimensions: purpose, user, data,
and analysis. The purpose and user categories refer to
design options that, for example, a lecturer might take
when creating digital learning processes for TML scenar-
ios. They focus on learning objectives and learning task
design aspects (also known as learning activities) in a
specific application context of the digital learning process.
The human-centered viewpoint on the social embedding of
the pedagogical TML scenario is included in the purpose
and the user dimension. In contrast, the data and analysis
dimensions refer to analysis options of data from digital
learning processes and focus on data prerequisites and
suitable evaluation procedures. Data and analysis cover the
technical embedding and analysis of process mining fea-
tures, the sorts of data analyzed, and how the analysis
results are conveyed (Bostrom and Heinen 1977; Gupta and
Bostrom 2009). The distinction among these four key
dimensions improves the taxonomy’s applicability in terms
of cluster analysis of the reviewed studies and the resulting
design patterns. To that end, we strive for a precise and
unambiguous explanation of the various classes for each
dimension to enable robust categorization.

3.3 Step 3: Taxonomy Evaluation Based on Semi-
structured Interviews

To assure the quality of our taxonomy, we evaluated it
using the five listed criteria: comprehensibility, concise-
ness, robustness, extendibility, and explanatory power
(Nickerson et al. 2013). We conducted semi-structured
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interviews with three experts in the analysis of digital
learning processes with educational process mining and
three experts in the design of TML environments following
the taxonomy evaluation guidelines of Szopinski et al.
(2019) (see Table 2). Both groups represent experts in the
domain and potential end users of our taxonomy. The
shortest interview was 30 min, while the longest lasted
85 min. The interview guideline included 18 open-ended
questions based on the five listed assessment criteria.
Before the interviews, we emailed the final copies of our
taxonomy, the meta-characteristic, and exemplary process
mining scenarios to the interviewees. We asked intervie-
wees to remark on and provide ideas for modifying and
refining the taxonomy during the interviews. We rede-
signed the taxonomy after obtaining some ideas for
dimension categorization and other minor improvements
from the experts, which resulted in the final taxonomy.
Following the expert interviews, several significant chan-
ges were made to the taxonomy. Originally, the taxonomy
dimensions were categorized as T4 (see Table 1): Task/
Structure, User, and Technology. A majority of intervie-
wees gave us detailed feedback on the explanatory power
of our dimensions and characteristics. For example, inter-
viewees 1-5 suggested using more self-explaining terms
for educators and researchers to understand the overall
structure of the taxonomy given our meta-characteristics.
Hence, based on interviewees 3 and 4 suggestions we
renamed and reorganized the dimension of Task/ Structure
to Purpose to encapsulate a wider scope, including the
application focus and learning mode. This change reflects
the feedback that the taxonomy should capture the broader
objectives and instructional methods involved in educa-
tional process mining. Or, based on the suggestion of
interviewees 1 and 2, we split the original Technology
dimension into Data and Analysis. This change was driven
by the need to highlight the importance of data quality and
sources more prominently and to better reflect the variety
of analytical approaches used in process mining.

These changes were made to ensure the taxonomy is
both comprehensive and practically applicable, addressing
the identified gap between theory and practice. This rede-
signed taxonomy, informed by expert insights, better cap-
tures the complexities and varied aspects of educational
process mining.

3.4 Step 4: Taxonomy Cluster Analysis

We conducted a cluster analysis on the 79 systematically
identified studies on learning process design and analysis
(Kaufman and Rousseeuw 2005). Our goal was to find
clusters to better comprehend the use of certain educational
process mining application groups. We constructed a bin-
ary data matrix indicating the presence (1) or absence (0) of
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Table 2 Expert panel for taxonomy evaluation

No Function Organization Expertise in

1 Educational designer University Teaching process mining use with SAP ERP (enterprise-resource-planning)
2 Senior software engineer Celonis SE Technical development of process mining applications and scenarios

3 Researcher University Al-supported learning and pedagogical design

4 Researcher Research on TML and pedagogical design

5 Senior educational designer Celonis SE Process mining education and design of learning scenarios

6 Educational designer University Process optimization, lecturer six sigma MOOC edX

specific educational process mining characteristics identi-
fied from literature across different studies. These charac-
teristics, aligned with our taxonomy’s dimensions, and the
studies, ordered alphabetically by first author, formed the
rows and columns of the matrix, respectively. The database
consisted of the final eleven dimensions and 45 charac-
teristics from our final taxonomy (see Sect. 4 and Fig. 5).
Using Ward’s algorithm (Ward 1963), known for its effi-
cacy with smaller datasets, we conducted an agglomerative
clustering with a Euclidean metric to find natural groupings
and patterns in the data. We discovered three natural
clusters of learning scenarios based on educational process
mining. These clusters lay the empirical foundation for
formulating the patterns for designing and analyzing the
digital learning process with process mining.

3.5 Step 5: Interview Study and Design Patterns

In the fifth step, we conducted semi-structured expert
interviews to dig deeper into the solution patterns for
recurring problems in designing and analyzing digital
learning processes based on educational process mining.
Equipped with the resulting dendrogram, the clustered
data, and the taxonomy of learning process design and
analysis, we interviewed eleven experts in digital learning
design analysis. We applied the guidelines of Myers and
Newman (2007) for qualitative interviews for rigorous
execution and analysis. We conducted expert sampling
following Bhattacherjee (2012) to select suitable interview
partners. We chose experts who are experienced educators
or hold a role in an educational institution (e.g., program
coordinator) and conduct research on the design and
analysis of TML learning scenarios. Table 3 provides an
overview of our interviewees (E1-E11). We conducted 11

Application Learner Monitoring Learner Evaluation Learner
Focus Recommend
w X - . Collaborative
ﬁ 8 Learning Mode [ Individual Learning ] [ Learning
o
G ox Learni
=2 eaming Factual Conceptual Procedural Meta cognitive
Q o Outcome P 9
Learning Task [ Remember ] [ Understand Apply ] [ Analyse ] [ Evaluate ] [ Create ]
Intended Main Learner Instr. designer Org. (Learning
5 End User (Educator) msmunon)
(2]
=] q Kindergarten — Continuous . -
Learning Context [ Highschool ] [ Higher Education Education ] [ Vocational Training ]
Data Input
= e e VA [ Image ] [ Audio Video ] [ Text ] [ None ]
2
a i Ner -
Data Collection Internal LMS MOOC Platform Other Web-Enabled Non-Web-Enabled Automatic Data Manual Data Coding
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Fig. 5 Taxonomy for designing and analyzing digital learning processes with process mining
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interviews from September until October 2022. The inter-
views lasted between 31 and 57 min.

Our interview guideline consisted of 28 questions, ask-
ing the experts about their general experience in TML,
including how they plan, design, conduct, monitor, and
improve digital learning scenarios. Moreover, we specifi-
cally asked questions according to each dimension and
characteristic of our taxonomy (without showing our tax-
onomy) and about the requirements of solutions to recur-
ring problems in the design and analysis of the digital
learning process based on our cluster analysis. In this vein,
we dug deeper into the nuances of each cluster and derived
the design patterns presented in Sect. 5 (see Fig. 6, 7, and
8). The transcriptions of the interviews were evaluated
using qualitative content analysis. Hence, the data were
coded, and abstract categories were formed. The coding
was performed using open coding to form a uniform coding
system during the valuation. We derived several topics in
each interview and aggregated the most common ones,
resulting in five common topics for the design and analysis

Table 3 Overview of expert interviews

of the digital learning process. The codes and topics were
“recurring challenges” of educational processes mining
(e.g., discovering course-taking behavior or predicting
outcomes to provide students with ongoing feedback),
“influential factors and requirements” to solve the chal-
lenges (e.g., data quality or legal requirements), “exem-
plary success stories” (e.g., tracing learning behavior to
prevent student dropouts or modeling student outcomes to
provide feedback) and “design and evaluation steps” to
implement the solutions (e.g., concrete steps to discover,
monitor, and enhance learning scenarios with educational
process mining). Based on these codes, we derived three
patterns for designing and analyzing the digital learning
process that build on our taxonomy and informed based on
a field evaluation with eleven experts in the domain of
TML. To structure the design patterns, we follow a similar
table format of Dickhaut et al. (2022) and Weinert et al.
(2021), since this provides a validated structured, and
effective way of presenting the design patterns to different
use groups. The categories are based on our codes and

Expert  Position Expertise Experience Time in

4 minutes

El Researcher Design of digital interactive learning 3 years of teaching and research experience in Vocational 57
scenarios training design

E2 Researcher Pedagogical theory for the design of 1 year of teaching experience, 2 years of research 37
TML scenarios experience on socio-technical system design from a

pedagogical point of view
E3 Researcher and General research on TML in information 1 year experience in teaching, 1 year experience in 34
Educator systems research on TML

E4 Researcher Design of digital learning process for 3 years of experience in teaching, 3 years of experience in 35
information systems education information systems research

E5 Researcher and Data analysis of behavioral student data 8 years of experience as a teaching assistant, 3 years 40

teaching assistant

E6 Senior researcher

and educator digital learning processes

E7 Senior researcher
and educator

Information systems researcher with a
focus on education and learning
analytics

E8 Senior researcher
and educator

Information systems researcher with a
focus on education and learning
analytics

E9 Senior researcher
and educator

Process mining of behavioral data

E10 Program Program coordination and organization
coordinator of digital learning at scale at the
(undergraduate university level
level)

Ell Program Design science research and program

coordinator coordination at the university level

(graduate level)

Data analysis, design, and evaluation of

learning analytics research

10 years of teaching experience, 10 years of research 42
experience on human—computer interaction and
educational technology

8 years of experience in teaching, 12 years of experience in 47
the design and analysis of TML scenarios

9 years of experience in teaching, 10 years of experience in 24
research on the design of digital learning scenarios and
scaffolding

5 years of experience in teaching, 7 years of experience in 26
research in data mining and analytics

4 years of experience in the coordination and evaluation of 31
digital learning scenarios

4 years of experience in information system research, 49
5 years of experience in teaching
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DISCOVER COURSE-TAKING BEHAVIOR

GOAL: Discover students’ course-taking behavior in higher education to identify unknown course
combination patterns, e.g., to provide “next course choice recommendations” to students

[ Application Focus ] [ Learner Monitoring ] [ Learner Evaluation J [ L. Recommendation J
W -
@ s [ Learning Mode “ Individual Learning ] [ C?_Ilea\:%riigve J
o
% [ Learning Outcome ] [ Factual J [ Conceptual ] [ Procedural J [ Meta cognitive }
o
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pE— o [ End User ] [ Learner J [ Instr. designer J [ Organisation ]
x q Kindergarten — . N ontinuous . .
‘—_|:|_—I 2 [ Learning Context } [ Highschool J [ Higher Education ] [ Education J [ Vocational Training ]
< [ Data Input } [ Image J [ Audio J [ Video J [ Text J [ None ]
= 7
= a [ Data Collection ] [ Internal LMS ] [ MOOC Platform J [ Other Tools J [ Non-Web-Enabled J [ Automatic Coding J [ Manual Coding J
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> 5 Clusterin, Classification
:(A [ PM Analysis } [ None J [ (Unsupervisged) ] [ (Supervised) J [ Rule Based J [ Other J
=
< [ Output } [ Raw Model J [ Graphical ] [ Numerical J [ Textual J

CHALLENGES:

Complexity of a large number of available courses, a large number
of students, and a large number of course combinations

INFLUENTIAL FACTORS & REQUIREMENTS:

+ Complexity of available course combinations

« Tracking course-taking behavior without personalization

« Provide an understandable and easy-to-use solution for
educators

« Ability to work with data from a common learning management
system

« Keep data privacy and data protection regulation

EXEMPLARY SUCCESS STORIES:
Discover course-taking behavior to:

« reveal blueprints of course combinations to design new profile areas or study programs for students

« uncover course-taking paths that often lead to successful graduation/ identify combinations that lead to dropouts
« use the discovered information to provide students with “next course recommendations”

DESIGN & EVALUATION STEPS:

+ Extract event logs about the planned, taken and finished courses of students from learning management systems

+ Use available process mining tools (e.g., Disco, ProM, or p Miner R) to apply common discovery algorithms such
as alpha miner or heuristic miner to unveil the course-taking behavior of students based

« Visualizing the course-taking behavior of students as a graph to (live) monitor the actual course-taking behavior.

« Apply clustering methods to identify novel combinations or blueprints

« Add on: Use course ratings and text comments from students to integrate the sentiments to the solution
suggestions and time-series analysis to provide “next course recommendations”

Fig. 6 Design pattern “discover course-taking behavior” with process mining

FORMATIVE FEEDBACK FOR
LEARNING ACTIVITIES

GOAL: Formative feedback for students’ individual learning activities

Application Focus ] [ Learner Monitoring
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CHALLENGES:

Insights on students' learning activities are missing, large-class
student numbers and limited time make a human analysis limited

INFLUENTIAL FACTORS & REQUIREMENTS:

Data quality and output of learning management system

Legal and ethical requirements

Provide individual, instant and useful feedback to students
Ability to work with data from a common learning management
system

Keep data privacy and data protection regulation

EXEMPLARY SUCCESS STORIES:
Formative feedback based on process analysis to:

« provide scaffolds and hints to help students in activities they might struggle

« provide personalized feedback and recommendations

« embed social comparison nudges to trigger students to finish a certain exercise

DESIGN & EVALUATION STEPS:
« Embed a learning process consisting of concrete learning activities (with solutions) and a learning goal

« Extract event logs of every user interaction (e.g., buttons clicked, text entered, start, and end of breaks)

« Embed the analysis of students’ learning behavior with discovery and conformance analysis, e.g., with python
PM4PY, in the web tool to provide instant feedback in the form of hints and recommendations if students struggle
« Add on: Continuously collect the event log data and the revision behavior of students to enhance the edu. design
of the learning activities if necessary

Fig. 7 Overview of design pattern “formative feedback for learning activities” with process mining

include “name”, “goal”, “pattern based on taxonomy”,

“challenges”, “influential factors &

requirements”,

“exemplary success stories”, and “design and evaluation

steps”.
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ENABLE EDUCATORS TO MONITOR LEARNING
PROGRESS

GOAL: Monitoring of individual learning activities to understand and redesign learning processes

Application Focus Learner Monitoring

Collaborative

Learning Mode Learning
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Learning Outcome Factual Conceptual
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CHALLENGES:

EXEMPLARY SUCCESS STORIES:

Monitoring of individual learning processes to:

Insights on students' learning activities are missing, large-class
student numbers and limited time make a human analysis limited

INFLUENTIAL FACTORS & REQUIREMENTS:

Data quality and output of learning management system

« Legal and ethical requirements

« Provide an understandable and easy-to-use solution for
educators

Ability to work with data from a common learning management
system

Keep data privacy and data protection regulation

« discover negative learning behavior patterns (e.g., misuse of learning material/ quizzes) among learners
« prevent learners from negative learning behavior by making individualized learning material
« improve the design of quizzes

DESIGN & EVALUATION STEPS:

Specifically plan a learning process according to learning objectives, user, and purpose

Extract event logs from learning management systems such as Canvas and Model (often collected automatically)
Use common algorithms such as alpha miner or heuristic miner to discover the learning process of students
Visualize the learning activities of students as a graph to (live) monitor the actual learning processes

Apply conformant analysis of the monitored learning process to compare it to the ideal planned learning process
Apply clustering methods to identify learning strategies and connect them with academic performance

Adjust the learning activities if necessary to nudge students to the most successful learning strategy.

Fig. 8 Overview of design pattern “enable educators to monitor learning progress” with process mining

4 Taxonomy of Digital Learning Process Design
and Analyses

In this section, we present the results of our taxonomy
development process. We derived a taxonomy represented
as a matrix that provides clear classifications of related
characteristics and dimensions for designing and analyzing
digital learning processes with process mining (see Fig. 6).
An important element of our taxonomy and theorizing is
that valuable elements may be associated with the design
and analysis of student learning processes. TML informs
the taxonomy and patterns in the next section, adding an
important aspect to the discussion of how a digital learning
scenario can be designed and orchestrated.

4.1 Dimension 1: Purpose of Designing and Analyzing
Digital Learning Processes

Dimensions referring to the design options of digital
learning processes are concerned with the purpose that a
digital learning process should achieve. In this light, we
distinguish between application focus, learning mode,
learning outcome, and learning task.

The application focus dimension outlines the learning
behaviors and preferences that an instructor hopes to reveal
and analyze using an educational process mining applica-
tion. Learner monitoring refers to situations in which an
instructor examines a learning process to acquire insights.
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An example is Uzir et al.’s (2020) use of educational
process mining to monitor whether learners comprehend
the offered learning techniques. In that sense, educational
process mining can offer valuable feedback on learner
development, oftentimes on an aggregated group level.
Learner evaluation refers to situations in which educa-
tional process mining provides information on and assesses
individual learning processes (e.g., bad task performance,
clarification issues). In that sense, the evaluation looks
back on an individual’s past performance or identified
issues in the past process to create options for process-
based feedback. Lira et al. (2019) provide an example by
investigating process-based feedback during medical
training. An application of process mining in the domain of
learner recommendations is presently not addressed by the
educational literature but would define a system that pro-
vides learners with actionable suggestions on how to pro-
ceed with their learning process (e.g., based on scaffolding,
see Winkler et al. 2021). Hence, different from a learner
evaluation purpose, a learner recommendation looks for-
ward into the digital learning process before it is com-
pleted. The purpose is to provide learning-process-
integrated recommendations.

The learning mode dimension outlines the (scope of the)
unit of analysis of digital learning processes in more detail.
We discovered that application scenarios of digital learning
processes that are suitable for educational process mining
focus on individual learning, such as when learners study
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on their own and simply engage with learning resources
(Saint et al. 2020) or collaborative learning, which occurs
when learners interact, collaborate, and coordinate learning
activities with other learners (Schoor and Bannert 2012).
This distinction is seen as a component of the learning
mode dimension. The learning outcome dimension refers
to the knowledge type that should be trained or created
while completing various activities of a digital learning
process. Therefore, this dimension recognizes that educa-
tional process mining is usable for digital learning pro-
cesses that focus on factual, conceptual, procedural, and
metacognitive knowledge. The characteristics are based on
Krathwohl (2002), who defined factual (knowledge) as
knowledge of terminology and precise information (e.g.,
Cerezo et al. 2020), conceptual (knowledge) as an under-
standing of theories and models, and procedural (knowl-
edge) as subject-specific skills and techniques (e.g., Lira
et al. 2019). Metacognitive (knowledge) refers to both
strategic and cognitive knowledge, such as debating abili-
ties (Wambsganss et al. 2021). The learning task dimen-
sion refers to the learning objectives that learners should
achieve when following a digital learning process. We
employed characteristics influenced by Krathwohl’s (2002)
classifications to differentiate among different difficulty
levels of a learning assignment in the form of learning
objectives. We used Krathwohl’s concept and differenti-
ated between remembering, understanding, applying,
analyzing, evaluating, and creating as learning objectives
that a learner can attain during a learning process (Krath-
wohl 2002). We assume that it is easier to capture data for
simpler and objectifiable objectives, such as remembering
and understanding.

4.2 Dimension 2: Users When Designing
and Analyzing Digital Learning Processes

The second set of dimensions refers to design options of
digital learning processes and is concerned with the user
who will benefit from analyzing a digital learning process.
Despite the field’s infancy and the difficulty in precisely
distinguishing and identifying the end user for each case at
hand, three primary end users may be established. In this
light, we consider the intended main end user and the
learning context in which the learning process is
embedded.

We opted to separate scenarios by the intended main end
user, who will have the most insight into the information
that educational process mining will provide. A learner
would, in most circumstances, be the one to (1) generate
the data of the learning process to be analyzed, (2) receive
individualized reports and insights, and (3) use the data
analysis output for adjusting their learning strategy. Having
a student as the intended primary end user implies that the

learner may utilize the insights to enhance their learning or
course-taking process by receiving insights on their study
input quality, learning performance, or study patterns over
time (e.g., Cameranesi et al. 2017). The instructional
designer (educator) characteristic refers to an end user who
primarily benefits from the insights of analyzed learner
data. Instructional designers may use such reports to
enhance the instructional design or to intervene in real time
to provide students with guided feedback and support them
in adapting their learning strategy (e.g., Lira et al. 2019).
The primary beneficiary of the organization (learning
institution) characteristic is the provider of the educational
environment. Learning institutions include universities,
MOOC providers, vocational training schools, and con-
tinuous training platforms, among others. On the university
level, this category of main end users refers to course
coordinators, considering learning behavior across courses,
years, and individual learners. On an open educational
level, it refers to platform providers of MOOC courses.
Process mining can be used to analyze MOOCs to reduce
dropout rates, for example (e.g., Rizvi et al. 2018). Ana-
lyzing learner data in terms of learner course completion,
fulfillment, and dropout behavior has the potential to sup-
port such users with valuable insights for their course-
taking behavior. For this type of main user, analyzing data
on an aggregated level (as opposed to the individual learner
or course level) is most suitable and insightful.

Finally, the learning context explains the learning
environment in which digital learning processes will be
deployed. We distinguished between kindergarten—high
school (e.g., Gomez et al. 2021), higher education
(Engelmann and Bannert 2019), and continuous education
(Ariouat et al. 2016), which includes workforce training
and programs for personal improvement and vocational
training. The learning context can have important impli-
cations regarding the type of data available, as well as the
legal and ethical treatment of data (i.e., using minors’
data).

4.3 Dimension 3: Data for Analyzing Digital Learning
Processes

The third set of dimensions refers to analysis options of
digital learning processes and is concerned with the data
dimension (i.e., data input and data collection interface).
This input dimension refers to the origin and characteristics
of the to-be-analyzed data.

The data input characteristics refer to data prerequisites
that need to be created as the basis for further educational
process mining-based analysis. Although most applications
that analyze digital learning processes use pre-existing
event data, such as automatically collecting data through a
system, we discovered other data, such as audio (Nguyen
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et al. 2021), video (Lira et al. 2019) or text (Mittal and
Sureka 2014), from which event data can be manually or
automatically derived or supplemented. Image data might
potentially be used, although no studies presently use it.

The data-collecting interface specifies the tools used to
collect the event data. Most applications that aim to ana-
lyze digital learning processes collect event data by using
an internal system (Juhanak et al. 2019) or a MOOC
platform (Rizvi et al. 2018), other web-enabled learning
tools (i.e., accessible and distributed through a web brow-
ser from any kind of device), non-web-enabled tools
(software accessed as an application on specific devices,
e.g., Doleck et al. 2016) and automatic and manual data
coding, for example, through the coding of video data,
describing the remaining cases.

4.4 Dimension 4: Techniques for Analyzing Digital
Learning Processes

The fourth set of dimensions refers to analysis options of
digital learning processes and is concerned with analysis
techniques and the analysis output format. This dimension
differentiates between process mining type, analysis
beyond process mining, and output presentation. It covers
the methods used to examine digital learning processes.

Although various techniques are possible in this area, we
opted to focus on distinguishing between the fundamental
process mining types employed and the type of analysis
that goes beyond the standard process mining functions.
Only applications that expressly indicated the usage of
discovery and conformance were found in terms of process
mining categories. Discovery employs process mining to
build a process model by analyzing event log data. An
example of this would be creating a process model of a
learning process using an event log from a system (e.g.,
Rogiers et al. 2020). We discovered conformance in sce-
narios in which process mining is used to compare the
mined model based on the event log to an existing process
model. One example is checking adherence to course order
suggestions (e.g., Cameranesi et al. 2017). Process en-
hancement was not expressly employed in any of the
evaluated articles, yet its applications are conceivable, such
as extending a learner’s learning process model using
information extracted from specific event logs.

Analysis beyond process mining refers to the many sorts
of analyses that are done to either precede or extend typical
process mining analysis. This excludes supplemental
analyses, which are, in essence, independent of the process
mining application. Clustering may be used with process
mining to separate learners based on characteristics such as
grades. Approaches based on rules can be utilized simi-
larly. Furthermore, the classification may be used to fore-
cast learner success based on previously mined processes.
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Other approaches resemble the combination of unsuper-
vised and supervised learning or time-series analysis. None
entails applications that did not employ analysis beyond
process mining techniques.

Finally, the output presentation dimension specifies how
the process mining findings are displayed to the intended
main end user. The fundamental issue here is that nonex-
pert users require a greater level of abstraction of infor-
mation to derive useful insights from the data. Beyond the
identified model using process mining, the raw model
implies no other form of presentation. A graphical pre-
sentation defines how findings are shown, for example, by
graphs. In numerical presentation, results are displayed in
the form of numbers or tables, such as the fitness scores of
identified models. Finally, textual presentation outlines
instances in which the system converts the knowledge
obtained from process mining into readable information,
such as suggestions or automatically created reports.

5 Patterns of Learning Process Design and Analysis
with Process Mining

In this section, we present three design patterns of learning
process design and analysis with process mining. These are
the results from our cluster analysis and eleven expert
interviews by applying our taxonomy. The design patterns
are illustrated according to the format of Dickhaut et al.
(2022) and Weinert et al. (2021) in Fig. 6, 7, and 8. We
believe that the representation of the design patterns in a
clear illustration enhances comprehensibility for interdis-
ciplinary readers and adds to the potential practical impact
of our research. To avoid redundancies we only briefly
explain the patterns in the text with reference to exemplary
quotes from our collected interview data. The patterns are
organized in the categories “name”, “goal”, “pattern
based on taxonomy”, “challenges”, “influential factors &
requirements”, “exemplary success stories”, and “design
and evaluation steps” and we believe they are self-ex-
planatory to read from left to right and up to down.

5.1 Design Pattern 1: Process Mining to Discover
Course-Taking Behavior at an Institutional Level

Discovering student course-taking behaviors in higher
education or at MOOC platforms is a common challenge
for educational institutions (e.g., Nguyen et al
2021, 2020a; Cameranesi et al. 2017). A rich analysis of
existing course-taking data offers opportunities to identify
unknown course combination patterns and provide “next
course choice recommendations” to students (Cameranesi
et al. 2017). However, due to the growing complexity of
multiple available courses, large numbers of students, and
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countless course combinations, traditional data analysis is
not straightforward (Rizvi et al. 2018; Cameranesi et al.
2017). The use of educational process mining to discover
and visualize course combinations based on event log data
from taken, finished, or dropout courses provides a solution
suggestion for this common problem. In our interviewee
subset, two interviewees were experts who dealt with
course-taking behavior at an institutional level (E10, E11
see Table 3). Both interviewees mentioned that use cases
of analyzing course-taking behavior with educational pro-
cess mining provide multiple opportunities, such as
revealing blueprints of commonly taken course combina-
tions to design new profile areas or study programs for
students, uncovering course-taking paths that often lead to
successful graduation, identifying course combinations that
lead to dropouts, or using the discovered information to
provide students with “next course recommendations.” For
example, E10 mentioned, “we try fo collect as much data
on the [course] bidding and registration process of stu-
dents to collect, visualize, and understand the different
course-taking behavior of our students.”

Also, in our sample of studies, one natural grouping of
studies focused on analyzing course-taking behavior (15
studies, 22% in our cluster analysis). Rizvi et al. (2018), for
example, utilized process mining to reduce dropout rates,
and Cameranesi et al. (2017) analyzed course-taking
behavior to find bottlenecks in a degree program. The
pattern to solve this recurring problem for educators and
educational designers is to extract event logs about stu-
dents’ planned, taken, and finished courses from learning
management systems. Past researchers have used available
process mining tools (majority of studies in our sample use
either Disco, ProM, or pMinerR) to apply common dis-
covery algorithms such as alpha miner or heuristic miner to
unveil the course-taking behavior of students (Rizvi et al.
2018; Cameranesi et al. 2017). Afterward, the visualization
of the individual course-taking paths of students as a graph
can be used to monitor the actual behavior. As revealed in
our expert interviews (e.g., E5, E6, and E7) and the
empirical literature (e.g., Uzir et al. 2020), pattern one
involves the application of clustering methods (e.g., hier-
archical clustering) to identify novel combinations or
blueprints of student course behaviors. Moreover, time
series analyses are commonly applied to provide “next
course recommendations” to students. For example, ES
mentioned: “We mostly use clustering or time series
analysis to track student behavior.” Or E6 mentioned, “we
use t-tests between groups and potentially also machine
learning algorithms to provide students recommendations
after.” Also in the literature, the study of Cameranesi et al.
(2017) provides a successful use case application of our
pattern. They monitored student course-taking behaviors
with process mining discovery and conformance checking

based on event logs to investigate if and how students take
courses and what might lead to best practices (successful
career) or worst-case practices (dropout). Figure 6 sum-
marizes this first design pattern on discovering course-
taking behavior at the institutional level.

5.2 Design Pattern 2: Process Mining to Provide
Formative Feedback for Learning Activities

One of the larger challenges in TML lies in the missing
insights on student learning activities due to large-scale or
distance learning scenarios and the limited resources of
educators to analyze individual learning processes at scale
and provide students with needed formative feedback (e.g.,
Eom et al. 2006; Brinton et al. 2015; Hone and El Said
2016; Huang et al. 2021). Also, almost all of our expert
interviewees mentioned that monitoring individual student
learning activities to provide formative feedback in the
learning processes is still a challenge in most digital
learning scenarios (Hattie and Timperley 2007).

Educational process mining can solve this challenge by
monitoring and analyzing learning processes. In our cluster
analysis, a natural cluster of 20 studies (31%) used process
mining to monitor student learning outcomes. Hence, the
second design pattern treats the leveraging of interaction
data to monitor and enhance the learning activities of
students (for an overview, see Fig. 7). This was also a
recurrent challenge and application in our interviews with
experts as this exemplary quote of E5 depicts: “When we
monitor students’ performance and behavior our goal is
usually to support them with feedback, e.g., to help students
meet deadlines or when students turn in assignments which
do not make sense.” Nevertheless, E5 also mentions the
limitation of feedback in the same vein: “Psychological
problems of students are sometimes hard to support. There
is not much you can do. I wish I could help students who
struggle emotionally [with process mining and automated
feedback].”

A learning process designed with formative feedback
based on analysis can enable educators to provide scaffolds
and hints to help students in activities they might struggle
with, provide personalized feedback, or embed social
comparison nudges to trigger students to finish a certain
exercise (Hattie and Timperley 2007; Winkler et al. 2021;
Wambsganss et al. 2021). Our pattern suggests embedding
a learning process in a digital learning tool (e.g., in a quiz,
a conversational agent, or a game). It is important that the
learning tool leads the student through a sequence of
concrete learning activities toward a measurable learning
goal. During the learning interaction, the educator can
extract event logs of every user interaction (e.g., buttons
clicked, text entered, starts and ends of breaks). The goal is
to embed the analysis of student learning behavior with
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discovery and conformance analysis. For example, the
Python library PM4PY can be used in the back end of the
web tool to provide instant feedback in the form of hints
and recommendations if students struggle to find a solution.
Wambsganss et al. (2021) provide a successful use case
application for pattern 2. They built a conversational agent
as a web tool that tutored students through a learning
process consisting of a persuasive writing exercise. The
authors tracked the students’ interaction data, including the
written texts, and provided adaptive formative feedback to
argumentative errors. The feedback helped students
enhance their argumentative writing skills compared to a
control group without adaptive formative feedback.

5.3 Design Pattern 3: Enabling Educators to Monitor
Learning Progress

Formulating learning goals, designing learning activities
that address the goals, and organizing both in a curriculum
for a particular learning scenario are the main tasks of
educators, according to our interviews. One method of
monitoring and improving a learning scenario is to monitor
individual learning activities to understand and redesign
learning processes. A solution to this recurring and com-
mon problem could be analyzing student activity event log
data to monitor learning activities, evaluate learning goals,
and possibly redesign the learning process (Uzir et al.
2020). Almost half of the papers in our sample formed a
natural cluster of studies for educational designers in
higher education to monitor student learning processes for
factual knowledge to understand the learning tasks. Hence,
our third identified solution pattern suggests that educators
plan a learning process according to learning objectives,
user, and purpose (see Fig. 8). Kratzwohl et al. (2002)
provide a taxonomy for efficiently setting the right learning
goal and learning task. Most of our expert interviewees
mentioned that this is their usual practice when starting to
plan a learning scenario. For example, E7 mentioned: “We
collect everything. The more the better. We collect the click
stream with time stamps (log data and trace data). When
they watch a video when they stop, etc..) it’s better to have
more and filter it. I like doing time series, and pattern
analysis, how they perform over time. You can compare
them with learning outcomes, motivation, engagement,
etc.”

Next, educators need to extract event logs from learning
management systems such as Canvas and Moodle and
apply common algorithms such as alpha, heuristic, or
inductive miner to discover the student learning processes.
Through visualizing the learning activities of students as a
graph, the educators can then (live) monitor the actual
learning processes and compare them with the planned
learning process to redesign their curriculum. Uzir et al.
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(2020) provide a successful use case for applying the third
pattern. They used process mining techniques to monitor
and cluster log data of 482 undergraduate students over a
13-week course to uncover learning strategies and improve
their curriculum. The effort revealed four different learning
strategies among the students that were correlated with
academic performance. Based on the data analysis, edu-
cators established new learning activities for self-regulated
learning. However, to be able to utilize the data for
learning progress monitoring several interviewees men-
tioned critical issues about data privacy, ethics, and data
quality (E.g., ES, E6, E7). For example, E7 mentioned with
regards to learning progress monitoring: “The problem is
that the data is not always clean. E.g., the data was not
correctly logged. When the data is not clean or actions are
missing. E.g. if there is no log-out event, number two is
little data (e.g., less than 100 students) this brings addi-
tional challenges for us.”

6 Discussion

Educational process mining offers the opportunity to reap
the benefits that data in educational scenarios provide
(Gupta and Bostrom 2009; Bogarin et al. 2018; Juhanak
et al. 2019; Cerezo et al. 2020). Its potential to enhance the
personalization of learning through adaptive feedback and
scaffolding underlines the importance of a solid theoretical
and practical framework. Our taxonomy, design patterns,
and the research agenda outlined in the next section col-
lectively contribute to this need by expanding the knowl-
edge base of design characteristics crucial for embedding
process mining in educational contexts. Based on the
findings of this study, we discuss theoretical and practical
implications and suggest future research avenues for edu-
cational process mining.

6.1 Theoretical Contributions

In this study, we conceptualized educational process min-
ing as a new perspective and set of techniques to leverage
the potential of learner data in order to improve the indi-
vidualization of education at scale. This can be done by
creating synergies between learning analytics and process
mining.

First, our study offers a nuanced understanding of what
must be considered when designing and analyzing digital
learning processes based on student data in order to dis-
cover, monitor, and enhance individual learning based on
process mining. We synthesized existing research, includ-
ing TML, individualization of digital learning, and litera-
ture reviews by creating a taxonomy that structured and
grouped design characteristics of educational process
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mining applications (Gupta and Bostrom 2009; Kundisch
et al. 2021). Past literature has mostly approached the use
of process mining for educational purposes from a tech-
nical perspective (e.g., Mouchel et al. 2023, Ludwig et al.
2024, He et al. 2021). Thus, our study contributes to and
extends the theoretical foundation of educational process
mining by establishing a taxonomy that captures the design
characteristics of process mining applications for the
specific context of educational scenarios from both a
technological and socio-technological viewpoint. Informed
by theoretical frameworks in the information systems field
(Bostrom and Heinen 1977; Gupta and Bostrom 2009), the
taxonomy offers a comprehensive framework to evaluate,
design, and compare educational process mining applica-
tions in various educational scenarios that become distin-
guishable through the learning mode or the intended main
user, for instance. We uncovered and categorized new
dimensions and features that are part of a TML scenario
and play a critical role in student learning success beyond
the technical perspective of process mining. Specifically,
this includes embedding and evaluating algorithmic
approaches, as well as incorporating the learner and his or
her activities from a pedagogical perspective. These ele-
ments are crucial within a pedagogical learning scenario
and are instrumental in fostering student learning success.
Integrating the TML perspective (Alavi and Leidner 2001),
our work offers a holistic view of the role of process
mining in education, thereby bridging the gap between
technical potential and pedagogical application (Bostrom
and Heinen 1977; Gupta and Bostrom 2009).

Second, our study aims to contribute to the under-
standing of learning analytics and TML in information
systems research that could incorporate process mining and
improve individual digital learning. Existing literature in
the field of TML has largely focused on using digital
learning processes for process discovery and conformity
approaches (e.g., Rogiers et al. 2020; Cameranesi et al.
2017). Our interview results suggest that current learning
scenarios may explain this pattern. Gaps in data traces, for
instance, can complicate applying a conformance analysis.
Such data traces also provide promising potential for tailor-
made individualized course recommendations, well-bal-
anced course allocation for high-quality teaching, or the
extraction of new students (Cerezo et al. 2020; Han et al.
2021; Nguyen et al. 2020b).

Third, we used the concept of design patterns to illus-
trate three use cases of educational process mining. We
view patterns as both guidance for data usage and analysis
and an illustration of relevant contextual factors to consider
(Dickhaut et al. 2023). The three design patterns in this
paper suggest data requirements that can enable the real-
ization of respective educational process mining solutions.
At the same time, the design patterns also illustrate

intended goals and potential challenges to consider in
relation to the respective application. We thereby empha-
size and challenge the underlying assumptions of effective
educational process mining. Understanding and expressing
the necessary requirements and potential challenges as well
as offering space for solutions is important to build a
cumulative body of design knowledge, to show the limits
of generalizability, and to prepare the ground for realizing
educational process mining applications.

6.2 Practical Contributions

From a practical perspective, our findings on educational
process mining enable a more targeted and effective
implementation, as well as the analysis and effective use of
technology in education. Researchers and practitioners can
more effectively design, evaluate, compare, and theorize
how different technological embeddings of the young field
of process mining impact student learning outcomes in a
specific learning scenario and task, thanks to this system-
atic classification of learning scenarios.

Our taxonomy not only categorizes educational process
mining applications but also serves as a practical tool for
enhancing the design, delivery, and evaluation of educa-
tion. It enables educators, administrators, and designers to
make informed decisions that directly improve student
learning experiences and outcomes. More specifically, the
taxonomy aids the identification of patterns and anomalies
in student learning behaviors. For instance, by analyzing
the process data categorized under different educational
scenarios, practitioners can pinpoint areas where students
repeatedly encounter difficulties. This identification pro-
cess is crucial for adapting instructional materials and
interventions that directly address these learning gaps. In a
similar vein, the taxonomy facilitates the ongoing moni-
toring of student engagement and progression through their
educational activities. By providing a framework to com-
pare students’ actual learning paths against optimal process
models, educators can intervene in real-time to offer sup-
port or adjustments to the course trajectory. This real-time
monitoring is particularly beneficial in large-scale learning
environments like MOOCs, where individual attention is
challenging yet critical for student retention and success.

By enabling the detailed analysis of how different
educational processes affect learning outcomes, our tax-
onomy also guides the design of more effective educational
interventions. For example, the taxonomy can help insti-
tutions experiment with and refine various teaching
methodologies, such as flipped classrooms or blended
learning, by providing a structured way to assess their
impact on student performance and engagement. The tax-
onomy thereby supports educational administrators and
policy-makers make data-driven decisions about
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curriculum development, resource allocation, and student
support services. By understanding the types of process
mining applications that are most effective in various
educational contexts, decision-makers can allocate resour-
ces more efficiently and develop policies that promote
optimal learning environments.

The design patterns of this study are relevant to the
educational technology area and associated applications
from a practical perspective. The patterns, in combination
with the taxonomy for the design and analysis of digital
learning processes, serve as a personal guide to studying,
designing, and evaluating the individualization of digital
learning at scale. We argue that design patterns can provide
an actionable space for practitioners to imagine potential
use cases of educational process mining for their own
scenarios. Particular emphasis is hereby placed on making
explicit important underlying assumptions, such as asso-
ciated data challenges that are fundamental to the effec-
tiveness of educational process mining.

In particular, our three design patterns demonstrate the
variety of potential use cases educational process mining
offers to TML by improving the individualization of digital
learning. Different stakeholders, including instructional
designers (design pattern 3), educational organizations
(design pattern 1), and individual learners (design pattern
2), can benefit from different interventions. Depending on
the user, different types of analyses and output presenta-
tions must be considered when deploying process mining
for learning analytics. Across the three design patterns,
educational process mining offers great opportunities to the
higher education domain and individual learning mode,
with other levels and modes (e.g., collaborative learning) of
education to be further explored as part of future research.

6.3 Limitations and Future Research

This study and its findings should be interpreted in the light
of certain limitations. First, the taxonomy and proposed
design patterns and usage implications depend on the lit-
erature and data we reviewed. Both qualitative and quan-
titative empirical data about process mining systems in
educational contexts are lacking, and obtaining those data
is an overall research need. While much of the present
research focuses on the theoretical aspects of process
mining in education, few actual field assessments of pro-
cess mining with deployed systems and users exist (e.g.,
Mouchel et al. 2023). More specifically, contemporary
empirical research looks at process mining systems that
may not be tied to real deployment environments (Bogarin
et al. 2018; Juhanak et al. 2019; Cerezo et al. 2020).

In this vein, we are aware that learning data alone may
be insufficient to provide a comprehensive overview of
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learning activities (e.g., Baker and Hawn 2021). We
acknowledge that other sources of data, such as tasks and
assignments that occur outside of the TML through Moo-
dle, for instance, should be considered to paint a more
holistic and complete picture of data in a particular learn-
ing context. Also, not all learning activities are captured
within digital platforms, which poses a limitation to the
completeness and representativeness of the data (Dahl-
strom et al. 2014). Data quality issues such as incom-
pleteness, inaccuracy, or inconsistency can severely
undermine the insights derived from process mining tech-
niques (Baker and Hawn 2021). In educational contexts,
the variability in data entry, the reliance on digital plat-
forms for capturing student interactions, and the absence of
standardized data collection protocols across different
learning management systems further exacerbate these
challenges. Consequently, the effectiveness of process
mining in unveiling meaningful patterns and supporting
pedagogical decisions may be compromised, necessitating
robust data preprocessing and validation methods to ensure
reliability and validity of the findings.

In a similar fashion, the comparison with other data
sources, such as enrollment or systems data, highlights
additional future research avenues (e.g., Dahlstrom et al.
2014). Incorporating such external, contextual data — often
referred to as digital traces — can significantly enrich the
process mining analysis by providing additional context to
student behaviors. The integration of these external data
sources requires careful consideration of prerequisites,
such as data accessibility and privacy concerns, as well as a
thorough understanding of the benefits they can bring to
enhance the comprehensiveness of the analysis. Also, our
study’s applicability is limited by regional differences and
variations in digital maturity among educational providers.
The digital transformation of education is unevenly dis-
tributed, with significant disparities in the adoption of
digital technologies and process mining capabilities across
regions and institutions. These variations affect not only
the availability and quality of data but also the relevance
and applicability of process mining solutions. Conse-
quently, our findings may not be universally applicable,
necessitating further research that considers these regional
differences and seeks to understand how process mining
can be adapted to diverse educational contexts and levels of
digital maturity.

While process mining offers unique insights into the
flow of learning activities, it is but one of several tools
available for analyzing educational data. As mentioned
earlier, digital course directories and existing learning
systems (e.g., for course registrations or student profiles)
exist in practice and offer rich data traces in theory. Such
systems provide complementary perspectives, capturing
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different facets of student engagement and academic pro-
gress. The reliance solely on process mining might over-
look insights that could be derived from these other
sources, suggesting a more integrated approach to data
analysis that leverages the strengths of each system to
provide a holistic understanding of student learning.
Hence, with our study, we aim to establish process mining
in education as an additional technique that leverages the
experience and research on business process management
for educational learning processes. Nevertheless, we
believe this should be done in combination with other
proven learning analytics methods rather than replacing
them. While a large body of reviewed literature focuses on
generic learning processes, practical training processes and
course-taking sequences provide opportunities for addi-
tional empirical investigation, especially when coupled
with process mining techniques. An interdisciplinary lens
that allows for a multiplicity of data analysis tools offers
novel research avenues. These include but are not limited
to (1) investigating learner knowledge and skill levels, (2)
personalizing systematic learning recommendations for
students, and (3) considering learning scenarios in contin-
uous and vocational education, such as MOOCs and
practical training.

Exploring these research avenues also requires
addressing more fundamental questions. While we have
considered the potential of educational process mining as a
point of departure, it is important to evaluate its appro-
priateness compared to other analysis methods and tools.
These alternatives might be more suitable to address TML
scenarios, for example, in terms of cost-efficiency consid-
erations or questions of data availability. While process
mining can offer deep insights into student learning pro-
cesses, the financial and resource implications of adopting
such technologies are not trivial. The costs associated with
procuring, customizing, and maintaining sophisticated
process mining software, alongside the need for training
staff to effectively utilize these tools, can be prohibitive,
especially for smaller or resource-constrained educational
providers. This limitation underscores the importance of
future research on conducting comprehensive cost—benefit
analyses to ascertain the feasibility and potential return on
investment of process mining initiatives in educational
settings. It is necessary to mention and highlight ethical
challenges that arise when using digital trace data, partic-
ularly in the context of education (Hakimi et al. 2021). As
part of our reasoning, an important underlying assumption
is that students have consented to the use of their data for
TML. Informing and obtaining consent for digital trace
data is an extensively discussed ethical challenge.
According to Johnson (2019), new personal information

might be inferred through already-gathered data. The
aggregation and combination of data sources risk de-
anonymizing individuals. Similarly, in the context of edu-
cational process mining, data might be reused and decon-
textualized to answer certain questions, thereby potentially
developing proxies for certain variables (i.e., gender, race,
age) even though those are not explicitly collected. Regu-
latory considerations also pose a significant limitation to
the application of process mining in education. The man-
agement and analysis of student data are subject to a
complex landscape of privacy laws and regulations, which
vary significantly across jurisdictions. Compliance with the
General Data Protection Regulation (GDPR) in the Euro-
pean Union, for instance, requires meticulous attention to
how student data is collected, processed, and stored. Edu-
cational institutions must navigate these regulations care-
fully, ensuring that process mining activities are conducted
in a manner that respects students’ privacy rights and
complies with all applicable legal requirements, adding
another layer of complexity to the adoption of these tech-
nologies. The question of data ownership and consent must
be discussed in consideration of the unintended impact
educational process mining may have on student learning
and social development. Future studies, as well as organi-
zations deploying educational process mining, are required
to define privacy notions, such as the extent to which the
use of personal data should be accepted by individual
learners and the society at large. When turning towards the
commercialization of student data, sharing such data with
technology vendors also introduces novel issues of inade-
quate security controls (i.e., Russel et al. 2018). While
extant research has explored ethical issues and related
solutions for digital trace data in education, research bodies
in this realm are fragmented and lack consideration of the
education of younger children and informal learning sce-
narios outside the traditional classroom (Hakimi et al.
2021). This becomes particularly important considering the
variety of online learning formats and the increasing
availability of various target groups. We urge future
research to look further into the ethical challenges of
educational process mining and consider the unique
affordances of the educational setting when discussing
ethical and societal implications.

Table 4 summarizes avenues for future research along
our discussions around (1) general questions about the
usefulness and use of educational process mining, (2) the
analysis of digital learning based on our taxonomy, (3) the
use of design patterns for educational process mining, and
(4) ethical challenges that can arise in the context of edu-
cational process mining.
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Table 4 Avenues for future research and related questions

Topic

Avenues for future research and related questions

Application of Educational
Process Mining

How can we assess the usefulness of educational process mining compared to other tools and methods (e.g.,
simple queries against existing databases)?

How can we ensure data quality and completeness, e.g. when using data sources outside of TML?

Analysis of Digital Learning

How can learning institutions best identify and leverage existing and potential data traces?

How can process mining be used to enable individualized course recommendations, course allocation, and
the extraction of new students in real-world applications?

How can unique affordances of educational providers, for example, regarding digital maturity and regional
requirements, be considered in educational process mining?

Design Patterns
of educational process mining?

How can we empirically validate the usefulness of a specific design pattern for the methodological approach

How can we embed educational process mining in contemporary learning scenarios through the application

of the three design patterns?

How can we empirically validate the usefulness of a specific design pattern for the practical impact for

learning scenarios?
Ethical Challenges

How can user anonymity be assured, especially regarding the aggregation and combination of data sources?

How can user data be protected against the commercialization of learning data?

How do we protect younger learners’ data and data inferred from learning scenarios outside the traditional

classroom?

7 Conclusion

Educational process mining is a crucial perspective for the
design and analysis of digital learning processes as edu-
cational institutions strive to provide ever-personalized
educational settings for their students and improve educa-
tional and administrative processes around course-taking
and learning-related behaviors. In this paper, we set out the
design and analysis characteristics for digital learning
processes through the development of a taxonomy and
design patterns on educational process mining applications.
This research not only progresses the academic discourse
surrounding educational process mining but also serves as a
practical guide for its application in large-scale, TML
environments.

The implications of our findings are twofold. Firstly, the
refined taxonomy and the identified design patterns provide
a structured approach that can guide educational designers
and practitioners in enhancing digital learning scenarios.
This framework helps in systematically leveraging process
mining to discover, monitor, and enhance the learning
processes of students, thereby promoting more effective
and personalized educational experiences. Secondly, our
research contributes to a more comprehensive under-
standing of the challenges and opportunities associated
with educational process mining, which includes the need
for strict data regulation to ensure ethical practices in
handling and analyzing educational data. Overall, our study
emphasizes the potential of educational process mining to
facilitate significant advancements in digital education by
enabling a deeper and more actionable understanding of

@ Springer

student learning behaviors and educational processes. As
educational technologies and methodologies continue to
evolve (e.g., through generative Artificial Intelligence), the
insights might play a crucial role in shaping the future of
education, ensuring that learning environments are both
effective and adaptable to the needs of all students.
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