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Abstract

Online computer-supported collaborative learning (CSCL) has risen in popularity in
knowledge sharing and problem-solving. This research explored students' online activity in
online problem-based learning (PBL) using process and sequence mining approaches. Process
mining modeled students’ time-stamped activities and links between them. Sequence mining
provided an overview of the flow and frequencies of students’ activities through sequential
process maps. Our finding showed that the most frequent students’ activities were non-
argument discussions followed by sharing knowledge and social interactions. The process
model of the students’ discussion started with sharing knowledge most of the time and then
students either evaluate or argue others’ messages to end discussions through social
interactions. The sequence mining model showed that social interaction and non-argument
discussion are the most common starting activities by students. It is concluded that process

and sequence mining allowed us to identify different stages of online forum discussion in
PBL.
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1. Introduction

The recent growth of online education systems resulted in a vast amount of data from various
resources and in different forms [1], [2]. Such educational big data led to learning analytics
development to improve teaching and learning [3]. Learning Analytics (LA) is defined as “the
measurement, collection, analysis and reporting of data about learners and their contexts, for
purposes of understanding and optimizing learning and the environments in which it occurs” [4]. LA
mainly focus on analysis and modeling of educational data through the prediction of students’
achievement and dropout, tracking of students’ progress and exploring of learners’ behavior [3].
Using analytics in high education could enhance decision making by relying on data informed
insights [5]. LA has utilized several methods and techniques such as descriptive statistics, social
network analysis, process mining, sequence mining, text mining, prediction, clustering, causal
mining and visualization, classification, and association techniques for solving different
educational problems [2].

The students’ participation in various learning activities may vary over time. Thus, research
methods were developed to study temporal aspects of learning activities [6]. Process and
sequence mining are among these LA methods that are technically related but have different
objectives [7]. Process mining (PM) is an educational data mining technique that forms a link
between the data and process sciences. PM allows the extraction of log data from information systems
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to develop a process model, test compliance, assess obstacles, compare processes, and provide
recommendations for improvements [8]. In PM, researchers mainly visualize and analyze the
students’ learning process rather than getting predictive insights from educational data [9]. The
educational application of PM includes detecting students’ learning strategies [10], identify self-
regulated learning in massive open online courses (MOOC) [11], understand students’ approaches in
learning [12], and analysis of the reasons of students' dropout [13]. PM was also used to investigate
problem-solving in online forums [14] and understand the physiological arousal events in
collaborative problem-solving [15]. Learning strategies of students with different performance levels
and personalities can be compared using PM [16], [17]. The main limitation of PM that it is frequency-
based with lack of inferential statistics, so it is unsuitable to investigate learners’ behavior
heterogeneity or visualize behavior trajectories in courses. Thus, sequence mining was developed to
study the learners’ trajectories and clustering them while maintaining the data sequence and timing
[18].

Sequence mining (SM) is adopted in LA research to extract significant information from time-
series data that summarize learning sequence patterns and investigate students’ learning approaches
and strategies [19]. SM can visualize learning activities succession, recurring activities, and overview
of learning strategies. Moreover, SM data can be categorized into subgroups according to sequences
of learning approaches [20] and behaviors [21]. Researchers used SM to explore students’ tactics and
strategies in learning and organize them into comparable clusters according to students’
achievements [10], [22]. Multi-channel sequence mining was recently used for students’ time-
stamped records analysis to detect transitions between various learning activities [12], [18]. In the
game-based learning environment, SM was used to track students’ metacognitive scientific reasoning
[23] and identify problem-solving strategies and trajectories [24]

Addressing the temporal and sequence of learning activities can be beneficial in collaborative
learning [25]. Computer-supported collaborative learning (CSCL) is based on knowledge
construction through students’ social interaction in a positive environment that gives the opportunity
to discuss, debate and respond to ideas [26], [27]. To exploit this approach, various pedagogical
strategies have been adopted such as problem-based learning (PBL) and team-based learning (TBL)
that help students to collaborate and interact in small groups. In PBL, the problem can trigger students
to interact, debate and elaborate their knowledge [28]. Students’ discussion in online PBL starts by
posting the question and waiting for other participants to interact in one of two forms: content or
relationship spaces. In the content space, students gain knowledge, collect information, and discuss
problems and their solutions. The relationship space —including social interaction— focus on
communication activities, and how students interact with their colleagues during discussions [29].
Tutors in PBL encourage discussion, sharing knowledge and collaboration to achieve learning
objectives. Moreover, tutors monitor students through PBL sessions to recognize group
dynamics, minimize conflict, avoid interaction dysfunctions, and respect different opinions [31].
Analysis of PBL data in an organized way using LA help to make the proper academic decisions [32].
Previous studies have utilized LA to study collaborative learning in PBL such as network analysis
[31], [33] and temporal network to monitor the students’ interactions [34].

Participation and social interactions are critical elements of online CSCL to establish a favorable
environment for effective knowledge building among learners [35]. This study builds on monitoring
the students’ activities through coding of the student’s interaction in online PBL sessions using the
process and sequence mining approaches. We try to address the temporal activities and answer the
following research question How can learning analytics explore the temporal dynamics in
students’ discussions during problem-based learning?

2. Methods

Data from first-year dental college students enrolled in a general histology course. The course is
delivered through Moodle learning management system (LMS). The proposal of this research has
been submitted to the ethical committee of the college and ethical approval was issued. Students were
provided with information about the research to consent participation. We retrieved the student’s
ID, groups, timestamp, and submitted posts by each user. All students’ IDs were blinded to confirm
anonymization. The dataset consists of total 1,265 posts from the interaction of the 68 enrolled



students (23 females and 45 males) in total five PBL scenarios. Students are required to attend two
physical appointments every week. In between these appointments, students are given access to an
online discussion where they can continue to communicate through the LMS. The discussions begin
after the first appointment to discuss problems, share information, collaborate to build the necessary
knowledge, and work toward the PBL objectives. Each group is required to conclude what they've
learned together at the end of the week. The PBL sessions are designed to address all the course
learning outcomes. Other educational activities like lectures or seminars are intended to help students
grasp the PBL. In the mid-course and final exams, students are assessed using multiple choice
questions (MCQ) [31].

Two coders coded the students’ posts, considering eight activities in the discussion board (Table
1). The codes were modified from previous codes used by Saqr and Lopez-Pernas [36] for discourse
analysis of online PBL. For each post, the action was coded as “one” for having the action and “zero”
for not having the action. The inter-coder agreement amongst the two coders showed a strong
reliability using Cohen's Kappa test (k= 0.88) [37], and the coders met to solve cases with
disagreements.

The data were ordered in a chronological order for data analysis

A. Frequency analysis: the frequency of each action during the students’ discussion was
investigated throughout the PBL sessions. These frequencies were used for process and
sequence mining.

B. Process mining using First Order Markov models: The methods entail the creation of a process
model from a series of time-stamped activities of the overall student interactions i.e., takes a
longitudinal overview of students’ typical interactions in the whole PBL discussions over the
full course. This process model links different activities, and possible tactics of learning. The
pMineR R-package [38] was utilized according to the methods described in Peeters et al. [39]

C. Sequence mining: the sequence model was created using TraMineR package [40], by grouping
the chronologically ordered learning activities using the methods described in detail in Lopez-
pernas et. al [12]. Sequence mining analyzed the typical learning session which is a typical
episode (minutes to hours of length) of the student’s interactions in the online PBL.

Table 1

The eight codes for activities in the discussion board.
Code Definition
1. Share Knowledge Share information and facts from different resources
2. Evaluation Agreeing or disagreeing other students’ ideas or statement
3. Argumentation Reasoning and justifying with agreement or disagreement
4. Ask Questions Raising questions to other students or teacher
5. Team management Talking about team building, task management and progress
6. Resuming Discussion Continue previous thread using reply feature
7. Non-argument discussion ~ Referring to other students’ messages
8. Social interactions Sharing feelings and emotions

3. Results

The total posts of the course were 1265 posts with 3803 activities in the PBL threads. The posts were
coded according to the codebook. Table 2 shows the descriptive statistics for the students’ activities
for the eight activities. The most common activity recorded by students was non-argument discussion
in more than one thousand record (29.3%) followed by sharing knowledge in 21.5%. The least activities
of students recorded was team management in 3.47% of discussion board activities.

Table 2
Descriptive statistics for students’ activities in Discussion board

Activity Freq %




share knowledge 817 21.48%

Evaluation 394 10.36%
Argumentation 517 13.59%
Questioning 110 2.89%
Team Management 132 3.47%
Resuming Discussion 173 4.55%
Non-argument discussion 1115 29.32%
Social interactions 545 14.33%
Total 3803 100%

The process model of all students’ interactions aims at charting the process of student’ interactions
in the PBL process over the whole duration of the course. Based on the students’ activities is modeled
in (Figure 2). Share knowledge is the central activity that 87% of students begin their interaction with
e.g., “Proteins are large biomolecules, or macromolecules, consisting of one or more long chains of amino
acid residues". The students commonly start argumentation after that (transition probability (TP)=0.5)
e.g., ‘researchers argue that it's BMI not the most accurate way to measure body weight. For years,
scientists have said that BMI can't distinguish between fat and muscle” or start evaluating others’ posts
(TP=0.3) e.g., “That's right. Fiber refers to certain types of carbohydrates that our body cannot digest”.
Most of the sessions ended by non-argument discussion e.g., “We now know the difference between
exocrine and endocrine glands” which is followed by social interactions between students e.g., “very
nice topic; interesting information and illustrations”. Some students may ask and by doing so, the
question triggers discussions (TP=0.6) e.g., ‘T have a question Do you know what is the recommended
intakes of carbohydrates?”. The resuming discussions have followed argumentation (TP=0.2), as some
students may interact in multiple threads e.g., “T will complete what you have started: The second type
of connective tissue fibers is white collagenous fibers which can be found in tendons, ligaments, and
capsules of organs”.
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Figure 1: Process mining of students’ activities

Sequence mining was applied to coded activities within sessions (limited durations of interactions).
The overall sequence was plotted in Figure 2. Most sessions would start with argumentation in almost
one third of activities, the argumentation decreases by the time to increase near the end of the
sessions. The second most common starting activity was non-argument discussion, and it continued
as the most common activity with increased frequency to end up as the most common activity by the



end of the sessions. Although social interaction was among the less frequent activities at the start, it
increased to become alternating with the non-argument discussion as the most common activity
throughout the sessions. In summary, the sequence shows a mix of arguments, discussions with social
activities that are intertwined together.

Overall sequence
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Figure 2: Sequence mining of students’ activities. X axis represent the order of interactions and
Y-axis represents the proportion of the interactions at the given time point



4. Discussion and Conclusions

In this study we applied process mining (PM) and sequence mining (SM) to explore the temporal
dynamics of students’ online collaboration during PBL. In PBL, the students’ discussions are dense as
they are involved in sharing knowledge, debate and arguing rather than simply solve the problem
[36].

The contents of the online interactions were unpacked and coded according to the dynamic
activities of the students. PM showed that most of the students started their posts by sharing
knowledge, this may be explained by the idea that students need to share resources to understand the
basic information related to the problem to fill the knowledge gap with their colleagues. After sharing
knowledge students started discussing such information through evaluation and argumentation. This
is mirroring the students’ efforts for reflection which is supportive of deep learning and communal
knowledge building [41]. The sequence mining showed that the social interactions were increasing
with time during the students’ discussions — with non-argument discussion - to be the most common
activities throughout the sessions. SM can help go beyond analyzing learning sequence patterns to
do clustering of students into subgroups according to different variables [20] [21] and detection of
transitional activities using multi-channel SM [10], [22], which we aim to use in future research.

The social interactions were progressively increasing during students’ collaborative discussion,
which include sharing feelings, off topic messages and complimenting others this may indicate that
online collaborative learning motivate students’ social interaction. Strong and effective social
interactions are considered as an essential component of collaborative learning [42]. Kim, 2010
identified social relationships as a strong determinant of student progress and satisfaction [43].
Moreover, other scholars have recognized the link between social interactions and reflection to
improve knowledge building and enhance learning outcomes [44]. It was well established that social
interaction alone will not assure the emergence of critical online discussion, however, the
development of such discussion is challenging without the social interactions’ basis [45] .

This study is not free from limitations. One of the limitations of this study is the small sample size,
so including more students in different courses may give us more insights into the students’
collaboration strategies in PBL. Another limitation of the study that it analyzes the students’ posts
only while the role of the teacher is unclear for students’ guidance and support which can be studied
in future work. Future research may also compare students’ activities of different performance levels
and cluster these activities according to the time-series of action using a sequence mining cluster
algorithm.

In summary, we suggested using process mining and sequence mining as dynamic learning
analytics methods to analyze the changes in activities across the time in PBL. The results showed that
most of the students start their interaction on the discussion board by sharing knowledge with their
colleagues to start building their discussion. Although social interaction was among the less frequent
activities when a session started according to sequence mining, it increased to become the most
common activity throughout the sessions with non-argument discussion.
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