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Abstract: This study introduces a framework that integrates business analytics into educational
decision-making to improve learner engagement and performance in Massive Open Online Courses
(MOOCs), focusing on learning environments in English as a Foreign Language (EFL). By examining
three specific research questions, this paper delineates patterns in learner engagement, evaluates
factors that affect these patterns, and examines the relationship between these factors and educational
outcomes. The study provides an empirical analysis that elucidates the connection between learner
behaviors and learning outcomes by employing machine learning, process mining, and statistical
methods such as hierarchical clustering, process discovery, and the Mann–Kendall test. The anal-
ysis determines that learning patterns, characterized as single-phase or multi-phase, repetitive or
non-repetitive, and sequential or self-regulated, are more closely associated with the nature of the ed-
ucational content—such as books, series, or reading levels—than learner characteristics. Furthermore,
it has been observed that learners exhibiting self-regulated learning patterns tend to achieve superior
academic outcomes. The findings advocate for integrating analytics in educational practices, offer
strategic insights for educational enhancements, and propose a new perspective on the connection
between learner behavior and educational success.

Keywords: learning analytics; business analytics; process mining; machine learning; learning patterns
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1. Introduction

In the realm of business operations, decision-making processes hold paramount sig-
nificance as they constitute a fundamental facet of effective business management [1,2].
Within this context, decision-makers increasingly rely on empirical evidence from data-
driven analyses, i.e., business analytics, as the bedrock for their choices rather than intuitive
judgment or fragmented information [1,2]. Hence, developing a framework that integrates
business analytics into decision-making cycles is essential across many domains. Such a
framework ensures that decisions are continually informed and refined by the latest data,
leading to more strategic and effective business outcomes [3,4].

Within an educational setting, the primary objective revolves around providing
student-centric instructional content and facilitating sound decision-making for learn-
ers [5–7]. Learning analytics thus emerges as a pivotal tool within the educational business
model [6]. The growth of diverse online educational environments has expanded course ac-
cessibility but also brought challenges, including high dropout rates, insufficient guidance,
and limited intervention options [8]. In this context, it is essential to leverage data analytics
to gain insights into the learning environments of these students through data-driven anal-
yses. Collaborating with this knowledge, educators can proactively offer tailored support
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designed to meet the specific needs of students, thereby improving their engagement before
they discontinue the course [9].

Figure 1 delineates the overview of decision-making augmented by learning analyt-
ics. Contemporary Learning Management Systems (LMS) are critical in orchestrating and
evaluating the various facets of the educational process. In addition to encompassing
the planning, execution, and evaluation of learning processes, these systems also serve
as repositories for the learning data pertaining to learners’ interactions and activities. In
essence, the collected learning data represent a valuable resource that, upon analysis, yields
meaningful insights into learners’ behavioral patterns and characteristics. Subsequently,
these insights can be translated into tangible actions and recommendations. Leveraging the
capabilities of the LMS, educational institutions and stakeholders can embark on informed
data-driven decision-making. This process is pivotal in enhancing the learning environ-
ment and tailoring personalized support to learners, thereby optimizing the educational
experience [10].

Figure 1. An overview of learning decision support framework.

Regarding this framework, it is of significant importance to derive insights from
learning data. Hence, there have been efforts to deal with that [11–16]. More specifically,
research on learning analytics is frequently centered around Massive Open Online Courses
(MOOCs), which are online courses designed to accommodate many participants over
the Internet. MOOC-based learners are typically characterized by self-regulated learning
and a degree of freedom from strict oversight. However, this approach is associated with
challenges such as lower academic performance and higher dropout rates. Based on these
characteristics, research has explored areas such as identifying at-risk students [13], devel-
oping intervention systems to enhance learner engagement [14], and predicting student
performance using machine-learning models [15,16]. However, the central emphasis of
these endeavors has predominantly been on learning outcomes—constructing predictive
models aimed at discerning the salient features that influence these outcomes [15,16].

In addition, a notable research gap exists in understanding learning behavior, particu-
larly in distinguishing between self-regulated and guided learning based on self-efficacy.
Within this domain, self-regulated learning is characterized by various components such as
self-planning, self-monitoring, and self-assessment [17]. It is imperative to note that the
practice of self-monitoring significantly influences learning behaviors [18]. To this end,
scholarly efforts, as exemplified by [19] in analyzing student quiz-taking behaviors within
Learning Management Systems, and categorization of learners based on engagement and
dropout rates in [20], have begun to shed light on these behaviors. Additionally, investiga-
tion into the correlation between self-regulated learning behaviors and academic outcomes
in [20] underscores the importance of understanding these dynamics. Nonetheless, a com-
prehensive grasp of the intricate learning patterns and their implications for academic
performance remains a pressing scholarly necessity.

To deal with these research gaps, we formulate three research questions: (i) What
are the behavioral patterns that characterize learner engagemen and activity within the
learning environment? (ii) Which elements, such as learner demographics, behavioral
traits, or content-related factors, exert an influence on these learning patterns? (iii) How do
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these learning patterns correlate with learner performance, and what implications do these
relationships have for educational outcomes?

This paper endeavors to address the aforementioned research questions through a case
study of an empirical analysis of learner interactions within a learning system in the context
of English as a Foreign Language (EFL). In EFL learning, innovative approaches have been
explored through learning analytics. These include the development of a recommender
system designed explicitly for EFL vocabulary acquisition [21], the deployment of a mind-
map guided AI chatbot system aimed at enhancing learners’ speaking abilities [22], and
the examination of variables influencing the oral performance of EFL students [23]. Such
studies represent significant progress in online EFL education, demonstrating the potential
of technology-enhanced learning interventions. However, despite these advancements,
there is a notable research gap in the detailed analysis of EFL learning behaviors and
patterns through the examination of log data.

We employ a multifaceted approach that integrates various analytical techniques,
including machine learning, process mining, and statistical methodologies. Notably, our
analytical toolkit encompasses hierarchical clustering [24] for pattern identification, process
discovery for uncovering interaction models [25–27], and the Mann–Kendall test [28,29] for
assessing statistical trends and relationships with learning outcomes.

The rest of this paper is structured as follows. In Section 2, we introduce the data used
in this case study and the relevant methods. Section 3 delivers the results of the application
of our method. Section 4 discusses the significance and the limitations of our approach.
Finally, Section 5 concludes the paper by summarizing our work.

2. Materials and Methods

This section outlines our approach to identifying learning patterns from English as
a Foreign Language (EFL) service data. Section 2.1 covers the collection and standard
format of the learning log data. In Section 2.2, we introduce the framework of our approach.
The following sections describe the methods in detail: Section 2.3 focuses on identifying
distinct learning patterns, Section 2.4 explores these patterns and their characteristics, and
Section 2.5 evaluates the impact of these patterns on learning outcomes.

2.1. Materials

In this study, we utilize data collected from the ReadingN service provided by iPort-
folio Inc., Seoul, South Korea. Figure 2 provides a snapshot of this service. This service
targets preschool and elementary school children, offering a structured learning approach
with globally recognized best-selling English books for children.

The curriculum offered by this service is illustrated in Figure 3, showcasing a collection
of renowned book series such as the Oxford Reading Tree (ORT), Big Cat, Oxford Readers
Collection (ORC), and Bob Books. Each series encompasses a range of books distinguished
by their difficulty levels. It is important to note that learners are not required to start with
the most basic levels; they can choose books based on their proficiency. However, each
book is structured around a sequence of stages: Warm Up, Listen Up, Read, Speak Up,
and Wrap Up. Learners are encouraged to adhere to this structured approach to maximize
their learning experience. More specifically, “Warm Up” introduces essential vocabulary
with images, “Listen Up” combines pictures and audio for context without text, and “Read”
presents the text with native speaker audio and a feature for pronunciation practice. The
“Speak Up” focuses on speaking and testing pronunciation accuracy with critical sentences,
producing the pronunciation scores, while “Wrap Up” tests comprehension with quizzes.
This flexible structure allows learners to move sequentially, focus on specific stages, or
review as needed.

Then, we introduce the learning event logs recorded and accumulated within learn-
ing management systems. These logs are pivotal for our analysis, providing granular
details about learner interactions and activities. Table 1 illustrates a fragment of a learning
event log.
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Figure 2. Screenshot of Stage 3 (‘Read’) in the ReadingN Service.

Figure 3. The overall curriculum of this service.

Table 1. A fragment of a learning log.

Event ID Learner ID Case ID Activity Timestamp Book ID Scores

e1 l1 c1 Warm Up 1 January 2023 09:05:00 b1 -
e2 l1 c1 Listen Up 1 January 2023 12:13:00 b1 -
e3 l1 c1 Read 8 January 2023 15:20:00 b1 -
e4 l1 c1 Speak Up 8 January 2023 17:31:00 b1 0.7046
e5 l1 c1 Wrap Up 9 January 2023 08:17:00 b1 -
e6 l2 c2 Warm Up 15 January 2023 13:42:00 b1 -
e7 l2 c2 Listen Up 22 January 2023 11:16:00 b1 -
e8 l2 c2 Speak Up 22 January 2023 13:22:00 b1 0.5607
e9 l1 c3 Warm Up 29 January 2023 18:16:00 b2 -

e10 l1 c3 Warm Up 29 January 2023 18:35:00 b3 -
e11 l1 c3 Listen Up 29 January 2023 18:49:00 b3 -
e12 l1 c3 Read 29 January 2023 18:54:00 b3 -
e13 l1 c3 Speak Up 29 January 2023 19:17:00 b3 0.8275
e14 l3 c4 Warm Up 3 February 2023 10:20:00 b4 -
e15 l3 c4 Listen Up 3 February 2023 10:24:00 b4 -
. . . . . . . . . . . . . . . . . . . . .

This event log comprises a record of learning events that are the individual actions
performed by learners within the LMS. Each event is associated with individual cases
representing the learners. In addition, the log includes essential details such as the specific
activity undertaken, the corresponding timestamp, and activity-relevant information, in-
cluding the materials used, such as books and series. Additionally, when available, the
performance metrics associated with each activity are incorporated into the log, enriching
the dataset with insights into learners’ achievements and progress. Based on these, we
define a general data structure for event logs as formulated in Definition 1.

Definition 1 (Learning Event Log). Let Uev be the universe of event identifiers, Uca be the
universe of case identifiers, Uact be the universe of activities, Utime be the universe of timestamps,
Ulearner be the universe of learners, Uatt be the universe of attributes, and Uva be the universe
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of attribute values. A learning event log is a tuple LEL = (E, C, Att, π), where E ⊆ Uev is
a set of events, C ⊆ Uca is a set of cases, Att ⊆ Uatt is a set of attributes, and π ∈ E →
(Att ↛ Uva) ∪ C → (Att ↛ Uva) is a mapping function. For attributes x ∈ dom(π(e)) and
y ∈ dom(π(c)), πx(e) = π(x)(e) and πy(c) = π(y)(c) are the attribute values of x and y
for event e ∈ E and case c ∈ C, respectively. Any learning event log LEL has four mandatory
attributes, case, act, time, trace, andlearner ⊆ Uatt, such that, for any event e and case c:

• πcase(e) ∈ C is the case that e belongs to,
• πact(e) ∈ Uact is the activity e refers to,
• πtime(e) ∈ Utime is the time at which e occurred,
• πtrace(c) ∈ E∗ is the trace producing a partial sequence of events for c, and
• πlearner(c) ∈ Ulearner is the learner refers to the person associated with c.

Within the learning event log, several supplementary event attributes are provided, as
illustrated in Table 1. These extra characteristics, such as Book ID, Series ID, and Scores, are
linked to the recorded events and offer additional layers of information.

2.2. Overview

We enumerate an overview of our framework, which comprises three key phases: pat-
tern identification, exploration, and evaluation. Figure 4 visually represents this overview.
Pattern identification (Phase 1) aims to identify distinct patterns of learning behaviors
recorded in the learning data. To achieve this, we utilize the learning event log, formalized
in Definition 1, and apply a trace-based encoding technique. Subsequently, we employ
hierarchical clustering with Levenshtein distance to group the encoded learning behaviors.
We then extract meaningful patterns guided by expert-defined rules. Furthermore, the
process model discovery technique is applied to discover process models for learning
patterns. Pattern exploration (Phase 2) aims to explore the derived learning patterns. We
first perform the single-view exploratory analysis to investigate the relationships between
the learning patterns and other characteristics, e.g., learners or course materials. Then,
the multi-view exploratory analysis is conducted to understand which attributes are more
related to learning patterns, followed by a post-hoc analysis. The final step, pattern evalua-
tion (Phase 3), centers on assessing the identified patterns’ impact on learning achievements.
To address this, we initially analyze the performance trends using the Mann–Kendall test.
Subsequently, we conduct a comparative analysis between the performance trends and the
identified learning patterns.

Figure 4. An overview of the proposed framework.

2.3. Pattern Identification

This phase is dedicated to constructing learning patterns derived from the learning
behaviors of cases, utilizing the learning event log. Here, we define learning patterns as the
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flows of learning steps. Therefore, it focuses on the traces of cases, allowing us to preserve
the full spectrum of behavioral information without any loss.

In our method, these traces are used directly as inputs for clustering, which is instru-
mental in grouping similar learning behaviors. To determine the similarity between two
sequences of learning behaviors, we utilize the Levenshtein distance, commonly referred
to as the edit distance [30]. This distance metric is particularly effective for measuring
how closely related two sequences are, offering a detailed perspective on the nuances of
learning behaviors.

The Levenshtein distance is designed to quantify the similarity between two strings.
Specifically, when two words are identical, their Levenshtein distance is 0, while if there are
substantial differences, the distance approaches 1. In our context, each activity within a trace
is treated as a single character in a string. Thus, two nearly identical activity sequences will
have a Levenshtein distance approaching 0. This approach is encapsulated in the following
distance formula between two traces, πtrace(ca), πtrace(cb) of cases ca, cb ∈ C:

Lev[t(ca), t(cb)] =



0 if t(ca) = t(cb)

Lev[t(ca)1:|t(ca)|−1, t(cb)1:|t(cb)|−1] if t(ca)|t(ca)| = t(cb)|t(cb)|

1 + min


Lev[t(ca)1:|t(ca)|−1, t(cb)]

Lev[t(ca), t(cb)1:|t(cb)|−1]

Lev[t(ca)1:|t(ca)|−1, t(cb)1:|t(cb)|−1]

 otherwise
(1)

where t(ca) and t(cb) represent the traces πtrace(ca) and πtrace(cb) of cases ca and cb, |t(ca)|
and |t(cb)| represent the lengths of the traces t(ca) and t(cb), and tr(cb)1:|t(cb)|−1] and
t(cb)1:|t(cb)|−1 represent the subsequences of traces t(ca) and t(cb) from the first activity to
the second-to-last activity.

Based on the formula, we can construct a distance matrix, D, among all cases as fol-
lows:

D = ∀ci∈C∀cj∈C{Lev[πtrace(ci), πtrace(cj)]} (2)

where D is a |C| × |C| matrix to reflect the distances between each pair of cases, computed
using the Levenshtein distance formula.

We perform hierarchical clustering using the constructed distance matrix to create
groups exhibiting similar learning behaviors. In the specific context of our research, the
process begins by assigning each case to its cluster, thereby forming (|C|) initial clusters,
where each cluster contains only one object. The hierarchical clustering then follows these
iterative steps until only a single cluster remains:

(i) identifying the pair of clusters (CLk, CLl), i.e., a group of cases, that have the smallest
distance (D[CLk, CLl ]) between any of their respective cases, where D[CLk, CLl ] =

∑cj∈CLl
Lev[πtrace(ci), πtrace(cj)] is the average pairwise distance between two clusters,

(ii) combining the identified two clusters (CLk, CLl) into a single cluster,
(iii) updating the distance matrix (D) to reflect the new distances between the newly

formed cluster and the remaining clusters.

By repeating these steps, the hierarchical clustering algorithm gradually amalgamates
clusters based on their behavioral similarities until converging into a comprehensive cluster
encompassing all cases.

In addition, selecting an appropriate linkage method is crucial in the updating step of
the hierarchical clustering process. Linkage methods determine how the distance between
clusters is measured and include single, complete, and average linkage options. For our
study, we opt for the average linkage method, and the corresponding objective function for
our clustering method can be formulated as follows:

min

{
1

|CL|(|CL| − 1)

|CL|

∑
k=1

∑
l ̸=k

D[CLk, CLl ]

}
(3)
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where |CL| represents the number of clusters and D[CLk, CLl ] is the average pairwise
distance between two clusters, CLk and CLl .

As a direct outcome of this process, we can identify key shared learning patterns within
the data. However, we can further refine and concretize these learning patterns in this
context by incorporating expert rules. This approach integrates domain-specific knowledge
and expertise into the analysis, allowing for a more nuanced and contextually relevant
interpretation of the patterns. Based on these, we can define a function, learnp ∈ C → LP,
where C is a set of cases and LP is a set of learning patterns. Therefore, it maps each case
onto the possible learning patterns.

Leveraging the distinct activity sequence groups identified as learning patterns, we
elucidate the overall flow within each cluster by discovering a process model. For this pur-
pose, we utilize process mining, specifically focusing on its process discovery functionality.
Process mining is a scientific discipline that derives process-related insights from event
logs and encompasses three key functionalities: process discovery, conformance checking,
and enhancement. Among them, process discovery is particularly relevant to our study as
it facilitates the automatic generation of process models directly from data, minimizing the
need for manual input.

In this context, a wide range of process discovery algorithms is available, each with
its corresponding process model notation. In our research, we employ the Direct Follows
Model (DFM) [31], denoted as DFM = (N, E), where N = Σ ∪ {start, end} represents
the set of nodes and E = N × N is the set of edges, and the DFM discovery algorithm.
The choice of the DFM and its discovery algorithm is driven by its significant strengths:
simplicity and ease of understanding.

The DFM is particularly adept at providing clear and concise visualizations of pro-
cesses, making it an excellent tool for representing learning patterns in an easily inter-
pretable manner. This approach allows us to effectively communicate the nature and
structure of the learning behaviors within each cluster, offering valuable insights into the
learning process as it unfolds within the data.

2.4. Pattern Exploration

This section aims to explore and understand the connections between learning patterns
and various elements, explicitly focusing on the relationship between these patterns and
learners or course materials. Note that we limit course materials to books. To achieve this,
we implement the single-view and multi-view exploratory analysis.

In the context of the single-view analysis, we employ cross-tabulation [32] and chi-
squared tests [33] to analyze how learning patterns are distributed across learners and
books. The cross-tabulation is a technique for summarizing categorical data to understand
the relationships between variables. For instance, to examine the relationship between
learning patterns and learners or books, we construct contingency tables for learners
(CTlearners) and books (CTbooks). These tables are formulated as follows:

CTlearners = ∀li∈LN∀lpj∈LP

{
∑
c∈C

1|πlearner(c) = li ∧ learnp(c) = lpj

}
(4)

CTbooks = ∀bi∈B∀lpj∈LP

{
∑
c∈C

1|πbook(c) = bi ∧ learnp(c) = lpj

}
(5)

where LN ⊂ Ulearner is the set of learners, where B ⊂ Uval is the set of books; LP is the set
of learning patterns; and πlearner(c), πbook(c), and learnp(c) are the functions that map a
case to a learner, a book, and a learning pattern, respectively.
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Next, the chi-squared test is utilized by calculating the chi-square statistic (χ2) for each
table in the following manner:

|V|

∑
i=1

|LP|

∑
j=1

(CTij − Eij)
2

Eij
(6)

where |V| is the number of variables, i.e., learners or books, |LP| is the number of learning
patterns, CTij is the observed frequency of the ith variable and jth learning pattern from
the contingency tables, including CTlearners and CTbooks, and Eij is the expected frequency

of the ith variable and jth learning pattern, computed by
∑
|V|
i=1 CTij×∑

|LP|
j=1 CTij

∑
|V|
i=1 ∑

|LP|
j=1 CTij

. Then, we make

a statistical determination by comparing the critical value, typically at a significance level
such as 0.05, with the degrees of freedom (d f ) computed as (|V| − 1)× (|LP| − 1). This
assessment allows us to ascertain whether learners or behaviors exhibit even distributions
across learning patterns.

For the multi-view analysis, we examine how the identified learning patterns correlate
with learners or course materials. In this context, the diversity indices for multiple classes
are utilized, as illustrated in Table 2. Then, we can build the set of diversity values for
learners (Dlearner) and books (Dbook). Expressly, a higher value associated with a learner or
book signifies a broader spectrum of learning patterns linked to them, whereas a lower
value suggests a concentration in fewer learning patterns.

Table 2. The diversity indices with multiple classes.

Diversity Indices Formula (div)

Hill numbers [34]

(|LP|

∑
j=1

pq
j

)1/(1−q)

Shannon index [35] −
|LP|

∑
j=1

pjln(pj)

Gini–Simpson index [36] 1 −
|LP|

∑
j=1

(pj)
2

Berger–Parker index [37]
Nmax

N

Subsequently, we apply the t-test to determine if there is a significant difference
between the diversity values of learners and books. The test statistic is calculated as:

t =
E(Dlearner)− E(Dbook)√

var(Dlearner)
|LN| + var(Dbook)

|B|

(7)

where E(Dlearner) and E(Dbook) are the sample means of two diversity values, var(Dlearner)
and var(Dbook) are the sample variances of two diversity values, and |LN|and|B| are the
number of learners and books. Then, the calculated t-value is compared against the
critical value obtained from the t-distribution with the degrees of freedom, computed as

( var(Dlearner)
|LN| + var(Dbook)

|B| )2/(
(

var(Dlearner)
|LN| )2

|LN|−1 +
(

var(Dbook)
|B| )2

|B|−1 ). Note that we can also consider the
Mann–Whitney U Test [38] as an alternative method, depending on the normality of the
distribution. In addition, if we have more attributes we can consider the one-way analysis
of variance (ANOVA) [39] or Kruskal–Wallis H test [40].

The results obtained from this analysis enable us to discern the overarching character-
istics of learning patterns. Moreover, we can delve deeper into the analysis if we can access
more granular attributes related to learners and course materials as the post-hoc analysis.
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This deeper analysis could involve exploring the intricate relationships between learning
patterns and these detailed features or constructing predictive models for learning patterns
using these additional features as inputs.

2.5. Pattern Evaluation

In this last phase, we aim to establish a connection between learning patterns and
academic achievements. In this context, academic achievements can be determined in
various formats based on course characteristics or learning systems. In this research,
our materials quantify academic achievements as pronunciation scores obtained during
evaluation activities. Note that our research context presents a unique aspect that each
learner contributes multiple records related to course materials. Therefore, to link learning
patterns to academic scores, we frame the problem as how a sequence of learning patterns
exhibited by users influences the change in their academic scores. This user-centric analysis
is compelled by the fact that each user possesses a distinct initial level of speaking skills.

To address this, our initial step is to gain insights into the trends within performance
scores, which may involve increases, decreases, or remaining relatively stable. To achieve
this, we employ the Mann–Kendall statistical test [28,29]. This method is designed to assess
whether there exists a monotonic trend, or lack thereof, within the performance scores.

Given that a series of learning patterns, lpi = (lpi1, lpi2, . . . , lpin), and the correspond-
ing scores, si = (si1, si2, . . . , sin) = (πscore(ci1), πscore(ci2), . . . , πscore(cin)), associated with
the cases, ci1, ci2, . . . , cin, engaged by a learner, li, the Mann–Kendall statistic for scores, S, is
calculated as follows:

S =
n−1

∑
j=1

n

∑
k=j+1

sgn(sij − sik) (8)

where n is the length of cases of learner li and sgn is the sign function. Here, it yields values
of 1, 0, and –1 when sij − sik > 0, sij − sik = 0, and sij − sik < 0, respectively. Then, we
compute the Mann–Kendall test statistic, ZMK, as follows:

ZMK =


S−1√
V(S)

S > 0

0 S = 0
S+1√
V(S)

S < 0
(9)

where V(S) = 1
18

(
n(n − 1)(2n + 5)− ∑

p
k=1 tk(tk − 1)(2tk + 5)

)
is the variance of the Mann–

Kendall statistic, S. Here, p is the number of tied groups and tk is the size of the k-th tied
group. By computing ZMK and comparing it with the critical value with a given signifi-
cance level, we can draw conclusions about the trend in achievement scores. In more detail,
we can determine whether the scores exhibit a monotonic trend, an upward trend, or a
downward trend.

Then, we can leverage a range of sequence analysis techniques to reveal sequential
patterns associated with upward or downward trends. In essence, we can detect a series of
learning patterns that affect changes in academic achievements. Here, we can explore meth-
ods such as Prefixspan, SPADE (Sequential PAttern Discovery using Equivalence classes),
GSP (Generalized Sequential Pattern), etc. [41]. Furthermore, we assess the significance of
these sequences based on their support values, aiding in the evaluation of their relevance
and importance.

3. Results

In this section, we present our case study results by applying our framework to a
specific learning dataset. We begin with dataset details and preprocessing (Section 3.1),
followed by the framework’s three phases: pattern identification using hierarchical clus-
tering (Section 3.2), pattern exploration with statistical analysis (Section 3.3), and pattern
evaluation against learning achievements (Section 3.4). It presents the effectiveness of our
framework in analyzing learning patterns with educational data.
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3.1. Descriptive Statistics

As elaborated in Section 2.1, we obtained a learning event log from a platform dedi-
cated to English language book learning. This dataset conforms to the established format
of a learning event log, as delineated in Definition 1 and Table 1. Notably, the dataset en-
compasses a defined temporal scope spanning 7 months, starting from 1 January 2023 and
concluding at 26 July 2023. During this time-frame, the service was utilized by 182 distinct
learners, resulting in the inclusion of 28,192 individual cases, denoting discrete instances of
the learning process. Furthermore, the log records a cumulative total of 193,663 learning
events, yielding an average of 6.87 events per individual case.

Furthermore, the dataset encompasses case and event attributes, encompassing learn-
ers, traces, books, series, and scores. In this context, learners denote the unique identifiers
linked to individual cases, whereas traces represent partial sequences of activities. Note
that our characterization of learning patterns is rooted in analyzing these traces. Addition-
ally, the dataset contains information pertaining to books and series that are relevant to
the educational content accessed by the learners. Lastly, the scores attribute exclusively
pertains to the ‘Speak Up’ activity, signifying the outcomes of pronunciation evaluations
for specific sentences within the learning process.

3.2. Results for Pattern Identification

To initially categorize similar learning behaviors, we conducted hierarchical clustering
using the Levenshtein distance metric. Furthermore, we implement a threshold value of
2500, which leads to the discovery of 43 clusters exhibiting similar learning behaviors.

Subsequently, through the qualitative evaluation, we identified and derived a set of
nine representative learning patterns, as follows:

• Sequential Learning (P1). Learners engage with the learning contents in a linear
fashion, progressing through it once. As a result, it strictly adheres to the specific
sequence of activities: Warm Up, Listen Up, Read, Speak Up, and Wrap Up.

• Repetitive Sequential Learning (P2). Learners systematically revisit the content in a
linear order multiple times. Within this pattern, learners frequently strive to study the
same book repeatedly, following a predefined sequence, which may take the form of
the following sequence: <Warm Up, Listen Up, Read, Speak Up, Wrap Up, Warm Up,
Listen Up, Read, Speak Up, Wrap Up>.

• Sequential Learning with Additional Phases (P3). Learners adhere to a structured
linear learning path while integrating additional phases. Specifically, it entails a
sequential progression from Warm Up to Wrap Up, with the inclusion of extra activities
as follows: <Warm Up, Listen Up, Read, Speak Up, Wrap Up, Speak Up, Wrap Up> or
<Warm Up, Warm Up, Listen Up, Read, Speak Up, Wrap Up>.

• Single-Phase Learning (P4). Learners engage in a singular learning activity, and they
do so only once. This pattern is distinguished by learners exploring and perusing the
content within a book. In this context, it may involve patterns such as <Warm Up>
or <Speak Up>.

• Repetitive Single-Phase Learning (P5). Analogous to single-phase learning, learners
complete a single phase. The distinguishing feature here is that they revisit this phase
multiple times. Within this context, patterns such as <Warm Up, Warm Up, Warm
Up> may be observed, signifying the repetition of a specific learning activity.

• Partial-phase Learning (P6). Learners participate in partial phases of learning, yet
partial phases are executed a restricted number of times. This pattern represents
a typical self-regulated learning approach that does not encompass all steps but
selectively involves some of them. However, this pattern is characterized by being
undertaken only a few times rather than repetitively, such as <Read, Speak Up>
or <Listen Up, Read>.

• Repetitive Partial-phase Learning (P7). Learners involve themselves in and success-
fully conclude partial phases of learning, and these partial phases are completed
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numerous times. Consequently, within this context learners follow sequences such as
<Read, Read, Read, Read, Read, Speak Up, Speak Up, Speak Up, Speak Up, Speak Up>.

• Non-sequential Learning (P8): Learners interact with the content in a non-linear or
disordered fashion, without adhering to a specific sequence. This learning pattern,
akin to single-phase learning, is a form of self-regulated learning. However, it differs
in that it encompasses all phases of the learning contents but does not follow a
predetermined order. Consequently, it follows patterns such as <Warm Up, Listen Up,
Wrap Up, Speak Up, Read>, where the phases are covered, but their sequence is not
strictly adhered to.

• Non-sequential Learning with Additional Phases (P9): Learners interact with the
content in a disorganized manner, incorporating additional phases into their learning
process. This pattern follows the sequence <Warm Up, Listen Up, Wrap Up, Speak
Up, Read, Speak Up, Speak Up>.

In addition, we determined the distribution of learning patterns, as illustrated in
Table 3. Among the nine identified learning patterns, sequential learning (P1) stands out
as the most prevalent, constituting 35%. Furthermore, it is noteworthy that a substantial
number of learners opt for sequential learning with additional phases (P3) and repetitive
sequential learning patterns (P2). This suggests a strong inclination among individuals to
adhere closely to the predefined learning sequences and guidelines.

Table 3. The distribution of the derived learning patterns.

Pattern No. Description Frequency Rate

P1 Sequential Learning 9868 35.0%
P2 Repetitive Sequential Learning 3138 11.1%
P3 Sequential Learning with Additional Phases 5031 17.9%
P4 Single-phase Learning 2726 9.7%
P5 Repetitive Single-phase Learning 1384 4.9%
P6 Partial-phase Learning 2667 9.5%
P7 Repetitive Partial-phase Learning 595 2.1%
P8 Non-sequential Learning 1233 4.4%
P9 Non-sequential Learning with Additional Phases 1550 5.5%

To enhance the comprehensibility and depth of our analysis, we advanced our study
by visualizing process models corresponding to each identified learning pattern. Figure 5
depicts these process models for the learning patterns. For this purpose, we employed
Fluxicon DISCO [42], a prominent tool in the field of process mining. Here, each node
within process models represents a specific activity, while the edges denote the sequential
flows between these activities. In addition, the darkness and thickness of nodes and
edges indicate the frequency of occurrence; thus, darker nodes and thicker edges imply a
higher frequency.

Basically, the process models allow us to discern the nuanced characteristics of each
learning pattern. Notably, Figure 5a–c predominantly exhibit sequential flows, reflecting
the primary behavior within these learning patterns. Specifically, Figure 5a,b demonstrate
learning patterns characterized by sequences with repetitive elements, while Figure 5c
expands this to include additional, more complex steps. This complexity is evidenced by
recursive flows, indicating a return to earlier stages in the learning process, suggesting a
more iterative and dynamic learning behavior.

Additionally, Figure 5d,e delineate learning patterns characterized by single-phase
activities, both with and without repetition. These process models reveal that all identified
learning flows are confined to a singular phase within the learning process. A notable
aspect of these patterns is the prevalence of specific activities such as ‘Read’ and ‘Level Up’.
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(a) P1: Seq (b) P2: ReSeq (c) P3: SeqLAP

(d) P4: Single

(e) P5: ReSingle

(f) P6: Partial (g) P7: RePartial

(h) P8: NonSeq (i) P9: NonSeqAP
Figure 5. Process models for learning patterns.
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Moreover, Figure 5f,g illustrate the learning patterns that we categorize as partial-
phase patterns. A notable observation in these figures is the darkening of specific nodes
compared to previously discussed sequential learning patterns. In addition, considering
the thickness of the edges we can identify that the most common sequences of activities are
<Warm Up, Level Up, Read>. This sequence indicates a typical progression pattern within
these partial-phase learning patterns.

Finally, we also explored the process models for non-sequential learning patterns,
as depicted in Figure 5h,i. These models contrast markedly with the sequential learning
patterns, encompassing various learning flows with a greater degree of self-regulated
behaviors exhibited by learners.

3.3. Results for Pattern Exploration

In this section, we explain the results derived from analyzing the correlation between
learning patterns and the attributes of learners as well as the utilized instructional materials,
i.e., books. Initially, we employed the chi-squared goodness of fit test to ascertain the
uniformity in the distribution of learning patterns among various learners and book types.
This necessitated the construction of contingency tables for both learners and books through
cross-tabulation, which facilitated a structured comparison of learning patterns across
different categories.

Subsequently, we applied the chi-square test, framed within two hypotheses. The
null hypothesis (H0) posited that there is no preferential association of learning patterns
with specific learners or books. Conversely, the alternative hypothesis (Ha) contended that
learning patterns are distinctly prevalent among particular learners or books. It yielded
chi-squared statistics of 53,161.79 for learners and 21,838.59 for books, surpassing the critical
values, 1537.63 and 17,683.76, at a 0.05 significance level; in other words, the p-values for
both cases are less than 0.05.

The statistical significance of these results led to the rejection of the null hypothe-
sis, thereby underscoring a non-random distribution of learning patterns. This implies
that learning patterns are influenced by factors beyond mere learner characteristics or
book types, suggesting a complex interplay of various educational elements in shaping
learning behavior.

After that, we utilized multiple diversity indices across various cases to gain a deeper
understanding of the association between learning patterns and either learners or books.
These indices included the Hill number with q of 0, Shannon, Gini–Simpson, and Berger–
Parker indices. For each learner and book, we calculated diversity scores based on these
indices. The aggregated diversity values for both learners and books are presented in
Table 4.

Table 4. The comparison of diversity indices for learners and books.

Diversity Indices
Learners Books

Average Minimum Maximum Average Minimum Maximum

Hill 6.302 1.000 9.000 3.786 1.000 9.000
Shannon 1.686 0.000 2.689 1.328 0.000 3.031

Gini–Simpson 0.570 0.000 0.826 0.473 0.000 0.871
Berger–Parker 0.566 0.236 1.000 0.601 0.161 1.000

To assess whether learning patterns are more associated with either learners or books,
we conducted a t-test. The null hypothesis for this test posited that the diversity values for
learners and books are equivalent. In contrast, the alternative hypothesis suggested that
these values differ significantly. The outcomes of the Student’s t-test are detailed in Table 5.

The results showed that the t-statistic values for most indices exceeded the critical
values at a significance level of 0.05, indicating a significant difference in diversity values
between learners and books. Specifically, lower values in the Shannon index, Gini–Simpson
index, and Hill numbers imply less diversity, whereas a higher value in the Berger–Parker
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index indicates reduced diversity. In all instances, the diversity of learning patterns associ-
ated with books was lower than that of learners. This leads us to conclude that learning
patterns are more closely associated with books rather than with individual learners,
suggesting a more decisive influence of the instructional material on learning patterns.

Table 5. The t-test results for diversity indices between learners and books.

Hill Shannon Gini–Simpson Berger–Parker

t-statistic 17.676 4.821 4.049 1.697
p-value <0.001 <0.001 <0.001 0.090

Regarding the level of books, for a more refined analysis we grouped these into three
categories: low (levels 1–4), moderate (levels 5–8), and high (levels 9–12). Our focus was to
examine these categories in the context of learning patterns. Figure 6 in our study illustrates
the distribution of learning patterns across these reading levels. In the figure, blue, red, and
green bars represent low, moderate, and high levels, respectively, while grey bars depict
the overall distribution, as delineated in Table 3.

Figure 6. The distribution of learning patterns across the reading levels of books.

The results of our analysis reveal distinct correlations between the level of books and
the learning patterns learners adopt. Specifically, for lower-level books, learners tend to
engage more with sequential learning patterns P1, P2, and P3. This indicates that with more
straightforward material they follow a step-by-step approach. On the other hand, for more
challenging books classified as moderate and high levels, learners tend to shift towards
less linear learning strategies, as seen in patterns P4 to P7. This shows that they adapt
their learning methods to more varied and fragmented approaches as the material gets
more complicated. Moreover, learning patterns P8 and P9 suggest that learners adopt self-
regulated learning behaviors for the most complex books. This indicates a move towards
more independent and flexible learning strategies in response to higher difficulty levels.

Subsequently, we explored the connection between learning patterns and specific book
series. Our case study focused on the top four series in our dataset: Oxford Reading Tree
(ORT), Big Cat, Oxford Readers Collection (ORC), Bob Books, and a category labeled ‘others’.
Figure 7 illustrates how different learning patterns are distributed across these series.

Figure 7. The distribution of learning patterns across the series of books.
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From this result, we noted that ORT books tend to have lower engagement in pattern
P1 but higher instances of patterns P2 and P3 compared to other series. This suggests that
learners using ORT books engage in sequential learning with a tendency towards repetition.
In contrast, for patterns P8 and P9, we observed Big Cat and Bob Books show higher values
than other series. This indicates that learners using these series exhibit more self-regulated
learning behaviors.

3.4. Results for Pattern Evaluation

This section evaluates the identified learning patterns in relation to learning outcomes.
For this purpose, we utilized the Mann–Kendall statistical test within the context of our
learning log data to assess the learning outcomes of learners. Note that we normalized
the pronunciation scores by adjusting them based on the average and standard deviation
of scores for each specific book, assuming the pronunciation scores vary depending on
the books used. This normalization process ensures that the scores are comparable across
different books, providing a more accurate and fair assessment of learners’ performance.
After that, we proceeded with the Mann–Kendall statistical analysis to analyze whether the
learners’ performances were increased, neutral, or decreased.

Our analysis revealed that, out of the total learners studied, 49 (27%) exhibited an
increasing trend in their learning outcomes, 43 (24%) showed a decreasing trend, and
90 (49%) maintained a neutral trend. The results of the Mann–Kendall test, particularly
for five representative learners with the highest absolute values of trend slopes in each
category, are presented in Table 6. Notably, while the slope values for both increasing and
decreasing trends were not exceptionally large, the p-values indicated that these trends
were statistically significant. In contrast, learners with neutral trends displayed almost
zero slope values and high p-values, suggesting no significant change in their learning
outcomes over time.

Table 6. Results of the Mann–Kendall analysis for top 5 users.

Trend User Slope ZMK p-Value

Increase UI1 0.0131 2.557 0.011
UI2 0.0076 4.736 <0.001
UI3 0.0065 4.774 <0.001
UI4 0.0060 3.825 <0.001
UI5 0.0042 2.871 <0.001

Decrease UD1 −0.0086 −3.083 <0.001
UD2 −0.0053 −3.777 <0.001
UD3 −0.0037 −6.015 <0.001
UD4 −0.0035 −3.422 <0.001
UD5 −0.0034 −2.779 <0.001

Neutral UN1 ≈0.0000 0.062 0.951
UN2 ≈0.0000 −0.012 0.991
UN3 ≈0.0000 0.244 0.807
UN4 ≈0.0000 −0.376 0.707
UN5 ≈0.0000 −0.943 0.346

In addition, Figure 8 provides a graphical representation of these trend changes over
time, focusing on the top five subjects as determined by the Mann–Kendall test. Each line
in the figure represents a different subject, illustrating the extent and direction of their
learning performance trends during the observation period. This visual representation
allows for a straightforward comprehension of the changes in scores, highlighting the
progression or regression in learning outcomes for each subject.
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(a) The changes in the scores of the top 5
users in the increasing trend

(b) The changes in the scores of the top 5
users in the decreasing trend

(c) The changes in the scores of the top 5 users in the neutral trend
Figure 8. The changes in the scores of users in each group based on the Mann–Kendall analysis.

To further understand the impact of learning patterns on academic performance, we
categorized learning outcomes into two groups: ‘increasing’ and ‘neutral or decreasing’.
This classification is based on the premise that the direction of change in scores over
time—whether they increase or not—is a critical indicator of academic performance. Specif-
ically, an increase in scores indicates improvement, while neutral or decreasing scores are
equated with negative or non-improved academic performance.

We then applied sequential pattern mining to our dataset, using the Generalized
Sequential Pattern (GSP) method to compare the most common sequences of learning
patterns between two groups. Table 7 presents the top 20 sequences of patterns identified
for each group.

Overall, the patterns discovered in both groups were broadly similar. A notable obser-
vation was that the sequences consisting predominantly of patterns P1 and P3 formed a
significant portion of the results. This prevalence is attributed to the non-uniform distribu-
tion of learning patterns across the dataset, with specific patterns, e.g., P1 and P3, occurring
more frequently than others.

A key finding of interest was the high consistency of pattern P1, exemplified by
sequences such as P1→P1→P1→P1→P1 and P1→P1→P1→P1→P1→P1, which were ex-
clusively present in the non-improved group. This suggests a strong tendency among this
group to persist with a singular learning pattern rather than transitioning to other patterns.
In addition, in the improved group there was a noticeable trend of transitioning from
sequential learning patterns to more self-regulated ones, as indicated by sequences such as
P1→P9 or P3→P9. This implies a dynamic shift in learning strategies within this group,
moving from more structured to autonomous learning approaches. On the other hand, the
non-improved group displayed sequences that suggested a reverse trend, i.e., P9→P1, mov-
ing from self-regulated to more sequential patterns. These findings indicate that transition
to self-regulated learning patterns may be associated with improved learning outcomes.
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Table 7. Top 20 pattern flows for two groups.

Increasing Neutral & Decreasing

Pattern Sequence Support Pattern Sequence Support

1 P1 0.92 P1 0.88
2 P3 0.92 P3 0.88
3 P1→P1 0.88 P1→P1 0.79
4 P9 0.82 P9 0.76
5 P3→P1 0.76 P3→P1 0.75
6 P3→P3 0.76 P1→P1→P1 0.74
7 P1→P3 0.73 P1→P3 0.72
8 P3→P1→P1 0.71 P1→P1→P1→P1 0.67
9 P1→P1→P1 0.69 P3→P3 0.65

10 P2 0.65 P3→P1→P1 0.64
11 P1→P1→P1→P1 0.63 P1→P1→P3 0.62
12 P6 0.61 P2 0.60
13 P1→P1→P3 0.61 P6 0.60
14 P3→P3→P3 0.61 P1→P3→P1 0.60
15 P1→P1→P1→P3 0.61 P1→P1→P1→P1→P1 0.57
16 P8 0.59 P8 0.53
17 P2→P3 0.57 P3→P1→P1→P1 0.53
18 P3→P9 0.57 P1→P1→P1→P3 0.51
19 P1→P3→P1 0.57 P1→P1→P1→P1→P1→P1 0.51
20 P1→P9 0.55 P9→P1 0.50

In addition, we examined the distribution of learning patterns within these outcome
groups. This involved analyzing the proportion of each learning pattern among learners
in the improved and non-improved groups. The findings of this analysis are detailed in
Table 8.

Table 8. The distribution of learning patterns for two groups.

P1 P2 P3 P4 P5 P6 P7 P8 P9

Inc. 0.387 0.197 0.228 0.001 0.000 0.002 0.001 0.098 0.063
Neu. & Dec. 0.450 0.145 0.233 0.002 0.000 0.041 0.015 0.043 0.070

The results highlighted noticeable differences in patterns P1, P2, and P8 between the
two groups. For patterns P1 and P2, we observed that the ’improved’ group had a higher
engagement in pattern P2 (repetitive sequential learning) but lower engagement in pattern
P1 compared to the ’non-improved’ group. This suggests that learners in the improved
group tend to prefer repetitive and iterative learning approaches. Furthermore, in pattern
P8 the improved group also demonstrated a higher engagement, indicating a preference for
self-regulated learning strategies. To sum up, learners who show improvement are more
likely to engage in learning patterns that involve repetition and self-regulation.

4. Discussion

This section offers a comprehensive discussion of our framework and the results from
our study. We start by outlining the key findings of our research questions, detailed in
Section 4.1. Then, we explore the broader implications of our findings and the limitations
inherent in our approach in Section 4.2.

4.1. Discussion for Results

As outlined in Section 1, our study was guided by three research questions. In this
section, we provide answers to each of these questions based on the findings from our
case study.
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In response to the initial research question, our empirical investigation has delineated
nine learning patterns. Learners’ fidelity determines these learning patterns to instructional
guidelines, their propensity for iterative engagement with content, and their selective em-
phasis on discrete segments of the educational trajectory. Subsequent process discovery [25]
facilitated the explication of the distinct characteristics inherent to each learning pattern,
which span a spectrum from rigid conformity to prescribed educational sequences to a
more autonomous and adaptive learning stance. Such heterogeneity in learning modalities
not only encapsulates the multifaceted dimensions of the learning process [43,44] but also
substantiates the efficacy of our investigative framework in encapsulating the nuanced
dynamics of learner–material interaction [45].

In investigating the second research question, our study aimed to ascertain the vari-
ables influencing learning patterns. The analysis revealed a significant revelation: the
selection of learning materials, particularly the complexity and series of books, played a
more consequential role in shaping learning patterns than the learners’ characteristics. This
suggests that the qualitative features of educational materials are central to the engage-
ment strategies adopted by learners [46]. Moreover, our study uncovered that the level of
difficulty and book series affect learning behaviors. These findings offer critical insights
for educators in the selection of learning materials, advocating for a tailored approach to
accommodate the diverse requirements of learners [47].

Our research addressed the final question by looking at the link between the types
of learning behaviors and students’ academic performance. Our findings challenge the
idea that following a set learning path guarantees better academic results [48]. In fact,
sticking only to such a path, which we called pattern P1, did not always mean students
did better. On the other hand, learners who managed their learning process, particularly
those in patterns P8 and P9, tended to improve their performance more noticeably. These
results are important for educators because they show that they might do better when
learners are more in control of their learning [48]. Understanding this can help teachers
and curriculum designers create learning experiences that are more flexible and suited to
individual student needs, which could lead to better educational outcomes [20].

4.2. Limitations and Implications

This research presents certain limitations that need to be resolved in future studies.
We still have a space for human involvement in some stages of the framework. Despite
employing learning data and developing a primarily automated approach, critical decisions
such as determining the appropriate number of clusters and defining specific learning
patterns still rely on human intervention. This dependence on human input could poten-
tially introduce biases or inconsistencies in the analysis. Future studies should focus on
developing more autonomous systems that can minimize the need for human involvement,
possibly by integrating advanced machine-learning algorithms and artificial intelligence.

This study also acknowledges certain limitations inherent in its research design, pri-
marily attributed to its dependence on a narrowly defined dataset. The dataset underpin-
ning our analysis lacks the breadth and diversity necessary to ensure the broad applicability
of our findings across various populations and educational settings. Additionally, the ana-
lytical methods we employed were meticulously crafted to suit our dataset’s specificities,
suggesting that applying these methods to different sets of data might require substan-
tial adaptation.

The interpretative aspect of our research, particularly identifying data patterns as
manifestations of self-regulatory learning behaviors, warrants a cautious approach. Such
interpretations are primarily speculative, lacking empirical substantiation, and not cor-
roborated by additional data sources such as learner self-reports or qualitative insights.
This speculative nature extends to the observation that a linear approach to learning tasks
might represent learners’ strategic, self-regulated choices informed by their knowledge
and objectives.
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An additional limitation arises from the study’s exclusive focus on online learning
activities, particularly those within Massive Open Online Courses (MOOCs). This focus
leaves the realm of offline learning behaviors and their potential impacts on academic
performance unexplored. Consequently, the transferability of our conclusions to offline
educational environments remains uncertain.

Despite these limitations, this research has implications in practice and research, while
also offering valuable insights and advancements. From a practical standpoint, the insights
into learning patterns and their correlation with educational outcomes can inform the
design of teaching strategies and learning materials. Educators and curriculum designers
can leverage the understanding of how different learning patterns, such as sequential or
self-regulated learning, impact student performance. This can lead to more personalized
and effective teaching strategies catering to student’s diverse needs and learning styles.
Personalized teaching strategies can actually work effectively for students who do not
have self-directed learning skills [49]. In addition, this research can play a critical role in
developing software to create more effective and personalized learning platforms.

5. Conclusions

This study endeavors to delineate learning behaviors within learning analytics, aiming
to augment decision support in educational contexts. To this end, we introduce a structured
framework comprising three distinct phases: (1) Pattern Identification, which discerns
unique learning behavior patterns; (2) Pattern Exploration, which delves into the nuances
of these identified patterns; and (3) Pattern Evaluation, which examines the influence
of these patterns on academic outcomes. Leveraging a case study within Massive Open
Online Courses (MOOCs) tailored for English as a Foreign Language (EFL) learners, we
identified various learning patterns, elucidated their characteristics, and analyzed their
impact on academic performance. Our findings lay the groundwork for subsequent investi-
gations, opening new paths for inquiry in data-driven education, especially within online
learning environments.

Future research will seek to extend the applicability of our framework through ad-
ditional case studies across diverse disciplines, thereby enhancing its generalizability.
Furthermore, we plan to integrate qualitative methodologies, such as learner self-reports, to
gain deeper insights into authentic self-regulated learning behaviors. Ultimately, we aspire
to adapt our framework in traditional, offline educational settings. This could involve
devising strategies to bridge the gap between online and offline learning modalities, thereby
broadening the scope of our framework’s utility in fostering effective learning strategies
across various educational landscapes.
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