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Abstract

Early research on online PBL explored student satisfaction, effectiveness, and design.
The temporal aspect of online PBL has rarely been addressed. Thus, a gap exists in our
knowledge regarding how online PBL unfolds: when and for how long a group engages
in collaborative discussions. Similarly, little is known about whether and what sequence
of interactions could predict higher achievement. This study aims to bridge such a
gap by implementing the latest advances in temporal learning analytics to analyze the
sequential and temporal aspects of online PBL across a large sample (n=204 students)
of qualitatively coded interactions (8,009 interactions). We analyzed interactions at the
group level to understand the group dynamics across whole problem discussions, and at the
student level to understand the students’ contribution dynamics across different episodes.
We followed such analyses by examining the association of interaction types and the
sequences thereof with students’ performance using multilevel linear regression models.
The analysis of the interactions reflected that the scripted PBL process is followed a logical
sequence, yet often lacked enough depth. When cognitive interactions (e.g., arguments,
questions, and evaluations) occurred, they kindled high cognitive interactions, when low
cognitive and social interactions dominated, they kindled low cognitive interactions. The
order and sequence of interactions were more predictive of performance, and with a higher
explanatory power as compared to frequencies. Starting or initiating interactions (even
with low cognitive content) showed the highest association with performance, pointing to
the importance of initiative and sequencing.
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Introduction

Problem-based learning (PBL) is a student-centered collaborative learning approach that
relies on engaging students in stimulating real-life situations (problems). The fundamental
philosophy of PBL revolves around students working in small groups to tackle an ill-struc-
tured real-life problem with the help of a teacher (Albanese & Dast, 2014). The intention
behind PBL has always been to stimulate students to take an active and deep approach to
learning, enhance self-directedness, and embolden problem-solving skills (Dolmans et al.,
2016; Yew et al., 2011). By doing so, PBL —arguably— has the potential to equip students
with the skills needed for their future learning and professional continuous education (Car
et al., 2019; Dolmans, 2019; Gewurtz et al., 2016). Whereas PBL originated at the Health
Sciences Center at McMaster University over five decades ago, the approach has spread
across several disciplines and educational levels (Servant-Miklos et al., 2019).

The large-scale adoption of PBL across universities and schools has resulted in a diverse
range of implementations, traditions, and a wealth of research (Servant-Miklos et al., 2019).
Such research has studied face-to-face and online PBL with methods that include surveys,
interviews, qualitative, and quantitative analysis of interaction transcripts (Car et al., 2019;
Dolmans et al., 2003; Servant-Miklos et al., 2019; Unal, 2019; Yew & Goh, 2016). Nonethe-
less, existing research has mainly relied on counts of interactions or interaction types with less
attention to temporality. As a learning process, PBL unfolds in time, where the sequence of
students’ interactions could influence each other, stimulate, or curb productive collaboration
(Sobocinski et al., 2017; Visschers-Pleijers et al., 2006). Given the importance of temporality
and the paucity of existing temporal PBL research, our study takes a process-oriented approach
to bridge such a gap. We take advantage of the latest advances in temporal analytic methods to
explore the process of students’ interactions in online PBL. We study the sequential patterns
of interactions and how they unfold over time, find which sequences are associated with better
performance, and determine whether sequences are more predictive of a higher performance
as compared to frequencies (counts of codes).

The following sections of the introduction provide a concise background on online PBL,
the dynamic PBL process, and the temporal methods implemented in our paper. We then
review the theoretical underpinnings of PBL, which grounds our research as well as the
related literature. The introduction concludes with a formulation of the motivation for our
research and the specific research questions addressed in the remainder of the paper.

Online PBL

Online PBL —also referred to as e-PBL, technology-supported, technology-enhanced,
digital, or blended PBL (the context of our study)— is a term that describes a PBL process
where the internet is used as a medium to run the PBL process solely or partially (Car et al.,
2019). Interest has grown in online PBL with the advent of the internet, where a wide-
scale adoption of technology has been observed across the educational domain (Valtonen
et al., 2022) and PBL was not an exception (e.g., Oliver & Omari, 1999). Several scholars
sought to capitalize on the potential of computers in education, building on flagship
examples in the field of computer-supported collaborative learning (CSCL) that have been
demonstrated to provide an environment for students in which to interact, exchange ideas,
and collaboratively build knowledge in groups (Baker & Lund, 1997). CSCL offers students
a platform where they can further develop their argumentation skills, improve their critical
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thinking and reflection (Lu et al., 2010; Tseng et al., 2008), as well as find, curate and share
knowledge and learning resources. This is particularly valuable in complex tasks that require
the integration of multiple resources, as is the case in PBL (Jeong & Hmelo-Silver, 2016).
CSCL allows students to expand their thinking and enrich their understanding as they are
exposed to the diverse perspectives of others (Lu et al., 2010).

Most scholars agree that collaborative learning, including online PBL interaction processes
and regulation of collaboration, are time-dependent (Hadwin et al., 2017). As Molenaar and
Chiu (2014, p. 138) stated, “the collaborative learning process is a sequence of events, in
which earlier events influence subsequent events. By relating and engaging with one another,
students co-construct ideas, elaborate, and integrate them with their own knowledge and
understanding”. It is therefore imperative to use temporal methods to study the processes of
interactions in online PBL. Among such methods, sequence mining —which we use in our
study— is a method for the analysis of time-ordered data —for example, coded interactions.
The method includes a rich repertoire of visualization, clustering, and statistical analysis. Such
resources make sequence mining a popular technique in education across several domains.
Consequently, sequence miming has been used to study students’ learning strategies (Lépez-
Pernas et al., 2021; Matcha et al., 2019), engagement (Saqr & Lépez-Pernas, 2021), and
behavior (Kinnebrew & Biswas, 2012). Differential sequence mining is often performed to
find behavior patterns (i.e., clusters of sequences), and to study how such patterns explain
students’ approach, strategies, or performance (Kinnebrew & Biswas, 2012; Matcha et al.,
2019; Saqr et al., 2023).

Process mining is another related analytic method that we use to analyze the temporal
changes of interaction patterns. The main objective of process mining is to discover,
visualize, evaluate and enhance perception and understanding of a given process (van der
Aalst, 2012, 2018). The process under investigation is commonly represented as a visual
map created by calculating the frequency of activities and the transitions between them
(van der Aalst, 2018). The ease and flexibility of process mining has made it a popular
tool for researchers to use as they study, for example, the different aspects of the SRL
process (Reimann, 2009), compare strategies among learners (high vs. low achievers)
(Lopez-Pernas & Saqr, 2021; Matcha et al., 2019; Peeters et al., 2020), or map the
collaborative process (Reimann, 2009).

Theoretical grounding of PBL

The birth of PBL represented a major departure from traditional learning methods that were
prevalent at the time. As an active approach to learning, PBL emphasizes students’ self-
directedness, working in small groups as well as contextualized learning. Thereupon, sev-
eral frameworks and learning theories have been used to explain learning in PBL. Since
our study analyzes students’ co-constructed interactions within collaborative groups and
how students regulate their learning, three theoretical frameworks are relevant to our study:
constructivism, collaborative learning, and self-regulated learning (SRL) (Dolmans, 2019;
Gewurtz et al., 2016; Hendry et al., 1999). As a constructivist approach to learning, students
in PBL build knowledge through interactions with the world around them. Understanding
is enhanced through interactions with peers as well as the environment, culture, and the
context in which they learn (Lu et al., 2010; Marra et al., 2014; Savery & Duffy, 1995). The
social (learning) environment is essential to the development of the learners’ knowledge,
wherein the learners can test their understanding of the studied phenomenon and interact
with peers to enrich and extend their knowledge (Marra et al., 2014; Savery & Duffy, 1995).
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PBL can be explained through the lens of self-regulated learning and, in particular, self-
and socially-regulated learning (Hadwin et al., 2017). To engage in SRL, students have to
use effective planning and goal-setting skills, become self-directed learners, and engage in
their learning tasks in order to achieve their pre-set goals (Winne, 2005). PBL emphasizes
students’ agency and ability to direct their own learning as well as the need to use meta-
cognitive skills to monitor and adjust their behavior in order to learn (Sandars & Cleary,
2011). As a socially regulated collaborative process, students have to work together, inter-
dependently, on a shared task within a small group (Hadwin et al., 2017; Loyens et al.,
2008). Social regulation involves joint planning and goal setting, role negotiation, contri-
bution to the motivational, cognitive and metacognitive group processes as well as shared
contribution to the monitoring and evaluation of group activities and adaptation (Hadwin
et al., 2017; Malmberg et al., 2022).

Review of related literature

The relational aspects of interactions using social network analysis (SNA) have received
significant attention in the PBL literature (e.g., Rienties et al., 2012; Saqr et al., 2020a). For
instance, SNA research has investigated predictive analytics (e.g., Tempelaar et al., 2015),
temporal relational patterns with temporal networks (Saqr & Nouri, 2020), as well as dif-
fusion of knowledge in PBL contexts (Saqr & Viberg, 2020). Some SNA studies examined
how students’ contributions relate to scaffolding, or how students’ motivation and partici-
pation are associated with performance (Giesbers et al., 2014). Notable also is the research
that clustered PBL students according to their dispositions (Tempelaar et al., 2018), tempo-
ral engagement patterns (Saqr & Nouri, 2020), or SNA centralities (Saqr & Viberg, 2020).

Another line of research employed qualitative coding of students’ interactions to study the
online PBL process. One example is the work by loannou et al. (2016), who analyzed the fre-
quency of coded Facebook interactions such as discussions, questions, comments, and off-task
interactions. Yet, such studies have mostly relied on counting and have not taken into account
the full potential of the temporal nature of the time-stamped interactions. Among those few
existing temporally-focused examples, Thompson et al. (2013) used Markov transition graphs
for the analysis of collaboration between participants in a design task (PBL and case-based rea-
soning). Another study by the same authors (Lajoie et al., 2014) analyzed the patterns of inter-
actions using Community of Inquiry (Col) as a theoretical framework (Garrison et al., 1999).
The authors found that student discourse exhibited a social as well as a cognitive presence that
positively increased from one session to the next. In a subsequent study in a similar PBL con-
text, Lajoie et al. (2015) examined how students adapt as a result of their monitoring. Their find-
ings indicate that students followed the basic phases of self-regulation (forethought, execution,
self-reflection) initially, whereas, by the subsequent session, learners were more adaptive, as the
discussion addressed themes within each phase in a non-linear way. Moreover, positive social
interactions (e.g., encouraging contributions from others or sharing information) encouraged
cohesion within the group about the group’s next steps. Molenaar and Chiu (2014) studied how
the sequential and relational patterns of students’ interactions influenced subsequent low cogni-
tion activities (e.g., reading) and high cognition activities (e.g., generating ideas) during collabo-
rative learning in a primary school using structured and problematized scaffolds. They found that
monitoring the learning process often resulted in subsequent low cognition activity and that plan-
ning can facilitate transitions between low and high cognition activity states. Moreover, positive
relational activities (e.g., confirmation from others) led to subsequent low cognition states, and
disagreement or denial led to subsequent high cognition states.
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Whereas sequence and process mining —the methods used in our study— have been exten-
sively used to study the temporal aspects of students’ behavior, often through the lens of SRL
(Matcha et al., 2019), they have been rarely implemented in CSCL (L&msi et al., 2021). None-
theless, a few CSCL examples exist that primarily focus on comparing high and low achievers.
Sobocinski et al. (2017) examined the temporal sequences of high and low performing students.
The authors found that process models offered a distinction between high and low performing
students compared to frequency-based analysis. Song et al. (2022) used process mining to map
students’ collaborative problem-solving. The implemented process mining helped visualize stu-
dents’ collaborative patterns, reveal the differences between high and low achievers as well as
offer a potential guidance for scaffolding. Peeters et al. (2020) used process mining to study stu-
dents’ interactions discussing an academic writing task and, in particular, how high achievers use
text composition, argumentation and organization to initiate their interactions.

Research aims and questions

There is a large consensus on the central role of time in the learning process. In CSCL at
large, and in online PBL in particular, temporality and temporal methods remain largely unex-
plored and underdeveloped. Therefore, it is timely that a process-oriented approach is applied
to understand how students’ collaboration evolves (Chiu & Reimann, 2021; Hikkinen, 2013):
How does online PBL unfold over time? When, and for how long does a group engage in
collaborative discussions? What interactions trigger or curtail such a productive discussion?
Which types of interactions trigger cognitive interactions? For example, does disagreement
follow argumentation and, if it does, to what extent? Exploring such sequences, dependencies
and probabilities would shed light on the process of online PBL (Chiu & Reimann, 2021).
Similarly, little is known about which sequences of interactions if any might predict higher
achievement. This study aims to bridge such a gap by implementing the latest advances in
temporal learning analytics to analyze the sequential and temporal phases of online PBL
across a large sample of qualitatively coded interactions. The research questions of this study
are therefore as follows:

RQ1: What are frequent temporal sequential patterns of the online PBL process at the
group level?

RQ2: Are there distinct patterns of PBL sequence episodes (individual interaction sessions)
and, if so, what are their characteristics, and how do they unfold over time?

RQ3: To what extent are the frequencies of interaction types associated with better
performance?

RQ4: Which temporal sequences of interaction types are associated with better
performance and how do sequences compare to counts of interaction types in terms of
explanatory power?

Context: A blended PBL curriculum
This study has been conducted within a blended PBL Head and neck course (four
course offerings: two iterations across two campuses) at Qassim university. The course

is offered to first-year medical students. The number of students in each course was 53,
53, 48 and 46 respectively. The mean age of the students was 18.2, 18.1, 18.3, and 18.1
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respectively. The difference in age between the four courses was statistically insignifi-
cant and very small (F(1, 198)=0.39, p=0.535; Eta’=1.95¢-03, 95% CI [0.00, 1.00]).
A chi-square test evaluating the difference in gender proportion among the four dif-
ferent courses was statistically insignificant X*>=1.9804, df =3, p-value =0.5765. The
course was identical in all the offerings using the same PBL problems, same course
design, and the same course organizer, and lasted for around six weeks. However,
only four weeks had PBL sessions, each lasting a week (i.e., the first and last weeks
of each course did not have PBL). The Head and neck course is integrated, mean-
ing that it includes different subjects, including anatomy, physiology, histology, and
pathology of the head, neck, and brain. The course includes lectures, seminars, practi-
cal sessions, and blended PBL. All lectures and other course modules are synchronized
with the problem objectives. For instance, within the same week when students had a
problem regarding the cerebrospinal fluid, they had lectures discussing the anatomy,
physiology, and pathology of the cerebrospinal fluid. The PBL is a modification of
the seven jump approach described in detail by Wood (2003), where the PBL interac-
tions are designed to be online, embedded within the Moodle Learning Management
System (LMS) discussion forums. For the PBL, students are divided into small groups
(8-10 people) with an assigned tutor and are given an open or ill-structured problem
each week. Students begin by reading the problem in a two-hour face-to-face session,
clarifying the terms, and identifying the learning objectives. By the end of the first
two hours, collaboration starts online for the entire week. The decision to move the
collaborative interactions online was to harness the affordances of CSCL to facilitate
information sharing, knowledge building and co-construction, improvement of criti-
cal thinking, and argumentation. Furthermore, asynchronous interactions give students
more time to search for information, augment their understanding, and share their per-
spective with peers, as well as learn from peers’ perspectives. The written nature of the
interactions allows students to re-read and more thoroughly process the complex points
at their own pace. By the end of the week, students meet with the teacher to conclude
and reflect on the process. As such, most of the PBL process (apart from initial reading
and setting discussion goals) and all the interactions around the problem objectives are
online by design. Since our captured data and analysis use the online PBL component
of the blended PBL, we refer to it as online PBL for simplicity throughout the manu-
script. See Fig. 1 for a graphical representation of the PBL process.

Students’ final course grades are used to measure their performance, and thus have
two components: (1) the total exam grade, which is composed of a multiple-choice
exam, essay questions and a practical assessment (80%), and (2) continuous assessment
of participation in the learning activities, including seminars, class attendance, active
class participation and PBL attendance online and offline (20%). The PBL collectively
(participation in the online and offline activities) accounts for one fourth of the
continuous assessment grade (i.e., 5% of the total grade).

Methods
Implementation

Students’ posts from four consecutive offerings of the course were retrieved from the
LMS, tabulated, and coded by two researchers. The coding was based on the widely used

@ Springer



The temporal dynamics of online problem-based learning: Why... 17

Face-to-face Online discussion forums Face-to-face
Read the problem, identify Discuss the learning objectives, share resources, to construct , reach Conclude and reflect on
learning objectives common understanding, reflect on the process, etc. performance
First 2 hours of the week Throughout the week Last 2 hours of the week

Fig. 1 The blended PBL process where students start with setting goals in a short face-to-face session, and
discuss the problem online throughout the whole week, and conclusions by the end in another short face-to-
face session

coding scheme by Visschers-Pleijers et al. (2006), which was specifically created to code
the process of PBL interactions, as well as the coding scheme by Yew and Schmidt (2009),
designed for the analysis of constructive collaborative interactions in PBL. The coding by
Visschers-Pleijers et al. (2006) covers learning-related interactions (e.g., argumentation,
questions, and disagreements) and procedural interactions related to organizing group task
and off-task interactions. The coding scheme was extended based on the work of Yew and
Schmidt (2009) to include information sharing, discussion, and argumentation interactions.
The coding scheme was simplified by combining similar categories together, for example,
“Opening question” and “Alternative question” into “Question”; “Argument” and “Coun-
ter argument” into “Argue”. Since the focus of this study is on the students, we combined
teachers’ codes that were initially coded as “Guiding”, “Facilitating”, or “Giving feedback”
as “Facilitating”, similar to Molenaar and Chiu (2014). Codes that reflect co-regulation
include Organize, Question as well as starting discussions with Share or Discuss, which
prompt others to engage, respond or debate. Codes related to shared regulation are Evalua-
tion, Question, Agree or Disagree, where students evaluate their approach and discuss how
it aligns with goals. It is necessary to re-iterate what Hadwin et al. (2017) emphasized:
when only conversation is coded, the boundaries between coregulation and shared regula-
tion may be blurred. The full coding scheme, with description of the codes, definitions, and
abridged examples are detailed in Table 1. The two researchers initially met several times
to agree on the coding scheme and the definition of each category. A total of 5% of the data
posts were coded by both researchers. Then, the two researchers met, discussed differences,
and reached a consensus. The Cohen’s Kappa for interrater reliability was 0.91.

Data analysis

Our study follows the conceptualization of CSCL as a time-dependent process that
unfolds over time (Hadwin et al., 2017). While temporal aspects have been previously
explored as durations and rates and have been studied under several frameworks (Cress
et al., 2021; Hékkinen, 2013), our study embraces the view that order and sequence mat-
ter (Chiu & Reimann, 2021; Reimann, 2009; Ritter et al., 2007). In doing so, we take
a process-oriented approach to the temporal data, in contrast to the “code and count”
approach (Oshima & Hoppe, 2021; Reimann, 2009; Suthers, 2006). We concur with the
view of (Chiu & Reimann, 2021) and their methodological approach, where the authors
explained in great detail why sequence methods are needed and why a stochastic (as
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opposed to deterministic) view of sequences is more true to the dialogical analysis. This
view enables the exploration of temporality and extends our understanding of the process
of CSCL. Exploring such ordered sequences, accounting for the dependencies between
sequences of events and calculating the probability that an event follows the other (e.g.,
disagree follows argue) requires appropriate methods (Chiu & Reimann, 2021). As such,
the methods used in this study, namely, sequence mining, stochastic process mining, and
regression models, follow the suggested methods of Chiu and Reimann (2021).

To answer RQ1 and RQ2, two analytical methods were selected: sequence and process min-
ing (Chiu & Reimann, 2021; Hikkinen, 2013; Molenaar & Chiu, 2014). Sequence and process
mining have been established in the literature to model the temporal patterns of learners’ behav-
ior (Bogarin et al., 2018; Matcha et al., 2019; Saqr et al., 2023). Sequence mining is particularly
useful in modeling sequences of events, visualizing the timeline of the unfolding of such events,
and offers a rich toolset for statistical analysis and clustering (Kinnebrew & Biswas, 2012;
Lopez-Pernas & Saqr, 2021). Sequence mining was performed by chronologically ordering the
coded forum contributions by their associated timestamps. The time-ordered, coded interactions
were used to build a state sequence object (the sequence file format) using the TraMineR R
package (Gabadinho et al., 2011). TraMineR is an open-source R package that has a rich reper-
toire of visualizations as well as statistical and modeling functions for sequence analysis. Build-
ing a sequence requires a time epoch, which is the unit of analysis, often referred to as a session
or group of events that occur in close temporal proximity (Gabadinho et al., 2009). For the
analysis and modelling of the temporal unfolding of interactions at the group level (RQ1), the
time epoch was a whole week of interactions, which is the full duration a group takes from start
to finish of a problem discussion. The case ID was the group ID, and therefore, every sequence
object is a time-ordered sequence of interactions in a given group. The state sequence object
was visualized using a distribution plot, which shows the proportion of each coded interaction
that occurred at each time point and, therefore, is suitable for showing the temporal distribu-
tion of interactions across time. An index plot was also plotted for each sequence to show the
sequence of coded interactions in each group (Gabadinho et al., 2011).

For the analysis and modelling of the temporal unfolding of interactions at the student
level (RQ2), the time epoch was considered as the session, that is, a sequence of successive
interactions by the same student with less than 20 min (the 85" percentile of the dataset)
of inactive period between them (Fincham et al., 2019; Saqr & Lépez-Pernas, 2021), and
the case ID was the student ID. Differential sequence mining is often used in educational
settings to identify similar patterns of behavior and, therefore, it was performed to identify
similar patterns of interactions. That is, patterns of students’ sequences of interactions that
are homogenous and similar to each other, yet different from other patterns (e.g., Fincham
et al., 2019; Kinnebrew & Biswas, 2012). Differential sequence mining was performed
using Agglomerative Hierarchical Clustering (AHC) based on similarities/dissimilarities
using the Longest Common Prefix (LCP); in other words, clustering together sessions that
have a similar start. LCP was chosen based on the best Average Silhouette Width (ASW)
and R-squared (R?) (Gabadinho et al., 2009).

We complemented the aforementioned analysis with a stochastic process analysis that
enables the visualization and estimation of transition probabilities between coded interac-
tions. That is, for instance, the probability that a discussion is followed by an argument;
which interactions follow an argument and what their associated transition probabilities
are (Chiu & Reimann, 2021; Reimann, 2009). While several process mining algorithms
exist (Bogarin et al., 2018), we have opted for a process mining approach based on Markov
models implemented in the pMineR R package (Gatta et al., 2017a) as recommended in
past work (Chiu & Reimann, 2021; Reimann, 2009). Markov models are particularly useful
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when assessing temporal processes and transitions (Gatta et al., 2017b). Compared to other
algorithms that are based on frequencies, Markov models make stochastic decisions based
on transition probabilities, in ways that are better suited to our research questions and con-
ceptualization of the collaborative interactions as time dependent, sequential, and contin-
gent (Hadwin et al., 2017; Molenaar & Chiu, 2014). We used a threshold of 0.1 such that
transitions that accounted for less than 10% of the total count were omitted. In pMineR, the
algorithm uses First Order Markov Modelling (FOMM) to train and visualize process mod-
els. The resulting model was visualized such that interactions are nodes, and the edges are
transitions with arrows pointing in the direction of the transitions. The edges are labeled
with the transition probabilities. We conducted this analysis both at the group level (RQ1),
and at the student session level (RQ2).

To study the relationship between types of students’ interactions (counts or frequencies)
and performance (RQ3), we used Multilevel Regression Models (MLMs). MLMs are
superior to traditional regression models (e.g., ordinary least squares) when the data are
nested or hierarchical (the data were nested in four different courses in our case) and can
model this dependency across observations. As a preparatory step for the data to make it
comparable across the four courses, the outcome variable was standardized (by subtracting
the mean and dividing by the standard deviation). The rest of the variables were gaussianized
using a non-paranormal transformation through a novel approach that fits the data to the
normal distribution (Zhao et al., 2012). To estimate the MLM, we followed the method
described by (Field et al., 2012; Roback & Legler, 2021), which starts by estimating the
random intercept model or the unconditional means model, which contains no predictors
but only the random effects (course in our case). A random intercept model is commonly
estimated to investigate whether there is systematic variation across groups, that is, if there
is a need for an MLM to account for the nestedness of the data. Also, random intercepts
models were also used for comparison with the estimated models. The random intercept
model Pseudo-R? (fixed effects) was 0, Bayesian information criterion (BIC) was 1556.3,
Akaike information criterion (AIC) was 1546.4, and the interclass correlation (ICC) was
0.59. Therefore, an MLM was deemed necessary to account for data clustering. Four MLM
regression models were estimated using the maximum likelihood (ML) estimator. An ML
estimator is recommended when comparing across models with different fixed effects (Field
et al., 2012). The models were estimated using the R package Ime4 (Bates et al., 2014). The
four models consisted of a full model with the frequencies of all coded interactions and
three models using different subsets of the variables: a cognitive subset where the frequency
of codes indicating cognitive activities were included, a high-cognitive subset where the
frequency of variables representing high-cognition activities (i.e., dealing with the reasoning,
critiquing or generation of new ideas or knowledge) were included, and one last subset
with the frequency of off-task activities (i.e., socializing and organizing). All models were
evaluated with AIC, BIC, and ICC following the recommendation of Bates et al. (2014). The
proportion of explained variance was calculated using Pseudo R? (Nakagawa & Schielzeth,
2013). All variables were tested for multicollinearity using the Variance Inflation Factor
(VIF). Only the variables “evaluate” and “agree” had a VIF of 5.77 and 6.63 respectively;
still, they were within the acceptable range (O’brien, 2007). All models were also checked for
homoscedasticity of residuals and for influential observations (Cook’s distance).

To study the relationship between students’ sequences of interactions and performance
(RQ4), we used the temporal patterns of interaction (the clusters of sequences) in an MLM
regression model as independent variables and the final grades as a dependent variable.
The approach is similar to studies that investigated the association of such sequences with
grades using other theoretical lenses (e.g., SRL) (Matcha et al., 2019). The model aims to
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identify which and to what extent temporal patterns of sequences are associated with bet-
ter performance. Additionally, the model fit indices (R? and BIC) are compared with RQ3
models to see which model (i.e., frequencies vs temporal sequences) is superior in explain-
ing the final performance of students.

Please note that all regression models used individual-level data and therefore, all
interpretation and inferences are made only at the individual level. This decision was
made in order to avoid the interdependence of group-level data on the individual students
forming the groups.

Results

Table 2 shows the descriptive statistics of the coded interactions, including mean (M),
standard deviation (SD), and total interactions for each type. The total number of students
was 204 (in 22 small groups). Four students did not complete the course (their data were
removed). Thus, a total of 200 students were included in the study. The regression models
included a mean number of interactions per student of 39.26 (SD=37.60). The most
frequent interaction was Discuss, which involved students using information or learning
resources to trigger conversation and address shared information. This was followed by
Argue, which required reasoning, justifying, or rationally trying to resolve differences of
perspectives and issues in a critical discussion. Socialize was next, and somewhat less
common were Share and Evaluate. On the other side of the spectrum, the least common
interaction was Disagree, demonstrating that students rarely disagreed with one another. In
the same vein, Question was also a rather infrequent interaction.

RQ1: The temporal dynamics of group interactions

The process mining of the online PBL process (Fig. 2A) suggests the significant
types of interactions and how events may follow or possibly stimulate each other.
As a co-regulated process, the interaction starts with a co-regulator (a scribe in PBL
terms) who discusses the shared objectives and helps the group develop awareness of
their task. Thus, a group usually starts with Organize, yet, organizing is distributed
among the students, who discuss together the objectives of the problem and share the

Table 2 Descriptive statistics of Code

the coded interactions Mean SD Total
Discuss 13.39 12.01 2,731
Argue 6.63 5.71 1,352
Socialize 5.65 8.71 1,152
Share 3.49 2.36 712
Evaluate 2.64 5.21 538
Facilitate 2.53 19.00 517
Organize 1.92 2.50 392
Agree 1.81 3.87 370
Question 1.07 2.20 219
Disagree 0.13 0.49 26
Total 39.26 37.60 8,009

@ Springer



22 M. Sagr, S. Lépez-Pernas

L T
o N 2 M

~f .
B el R s
TR H S e E S T3 S i

03310

C

6

4

02

s Lol '”'Illl i
: [ iy } il | H|
’ [ l | w

1713727 41755 6678397 112129 146 163 180 167 214 331 248 265 283 399 316

0 Agree  ® Disagree ® Evaluate M Organize @ Share
® Argue M Discuss & Facilitate ® Question [ Socialize

Fig.2 Process map (A), index plot (B) and distribution plot (C) of sequences of interactions in PBL groups.
In the index and distribution plot, the x-axis represents the timepoints in the sequence of interactions

duties of group discussions, for example, “these are the objectives of our problem”.
There is a loop (meaning a reply to Organize with another Organize interaction), for
example, “I will take care of discussing the connection between bleeding and blood
indices”. It seems that Organize dominates initially, yet it is rarely visited later except
when it follows Disagree. As students conclude discussions of learning goals of their
collaborative work, they start to enact the task by Discuss, contributing relevant self-
formulated pieces of information to trigger or engage in discussions (16%) and Share,
posting scientific facts and information that are mostly copied from an online source
(15%). After the Organize phase, around 13% of the time, group members start arguing
(Argue) the problem by providing information with reasoning and justification, for
example, “A normocytic Anemia (normal blood cell size) is probably what we expect
when bleeding is acute since the person is otherwise normal”.

As students proceed, all groups who Share information continue to Discuss with no
reasoning involved, describing the information they shared or extending it with their
own knowledge. However, students who start the discussion with Argue trigger discus-
sions (Discuss, 43%), Evaluate (14%), continue to Argue (12%), or Socialize, expressing
gratitude, or appreciation of an argument, for example, “Thank you for the nice informa-
tion, I really liked how you explained it”. In other words, initial discussions that start
with Argue are more likely to trigger other types of productive discussions and students’
appreciation. In the same vein, students are more likely to engage in an argument fol-
lowing Question (32%), Socialize (21%), Evaluate (18%), or Agree (17%). On the other
hand, students who start with Share and Discuss do not progress to other types of high
cognitive interactions and continue to Discuss (33%), Share (14%), or Socialize (21%).
It is worth mentioning that students end their conversations also with discussions.

Questions were likely to trigger an Argue with reasoning (32%) as well as Discuss
(26%), offering plain answers with no justification for example, “microcytic anemia results
from chronic bleeding”. Disagree was likely to trigger Evaluate (14%), which then led to
Agree (39%) or Socialize (26%) and shared feelings or task discussions.
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Facilitate interactions by the teacher were largely disconnected from the overall pro-
cess, which was largely autonomous. Teacher facilitation appears mostly un-triggered as
the preceding events were very few, for example, Disagree or Question. As such, teachers
gave feedback to students, guidance, or encouragement, which further triggered social acts,
for example, expression of gratitude in 24% of the cases. The preceding events indicate that
teachers intervened when questioned or attempted to resolve a disagreement. It is worth
noting that Argue, Discuss, and Socialize acted as a common final pathways since most
interactions ended there.

In the distribution plot (Fig. 2C), we see that Organize takes most of the first two time
points (76.5% for t=1, and 75.3% for t=2), followed by Discuss (which increases from
11.8% on t=3 to 22.3% on t=4), Share (12.9% for t=3, 40% for t=4) and Argue (4.7% for
t=3, 18.8% for t=4). Later and less frequently, Agree and Evaluate appear. The top side of
Fig. 2C shows an increasing proportion of social gestures that go with all types of interactions.
As time continues, group interactions are mainly centered around Discuss and Argue, with
increasing Agree and Socialize, and a decrease in Share extending till the first 40-50 time
point for almost all groups and for around 120™ for some groups (see Fig. 2B where only some
groups continue across the timeline). Put another way, while students initiate with sharing
information, they quickly move to discussion, evaluation, and argumentation (higher cognitive
levels), paved with a layer of socialization and agreement. We may say that this stage is roughly
productive, and that co-regulation was —at least partially— effective. The timeline continues
beyond the 120" time point where a pattern of Socialize, Agree, and Discuss dominates,
with uneven Evaluate and decreasing Argue. That is, a more social context develops, with
less challenging views and more agreement, which helps maintain the interactions in these
group for longer sequences. As such, co-regulation derails, and the groups are less into higher
cognitive interactions, but more about social bonding and sharing.

RQ2: The sequential patterns of students’ interactions

To explore the sequential and temporal patterns of students’ interactions in the online PBL,
differential sequence mining was applied to cluster the sequences of interactions (groups of
similar sequential patterns). Process mining was then applied to visualize and describe the
resulting clusters. The best number of clusters according to ASW and R-squared was four.
These clusters were labeled and are described below.

Cluster 1: Argumentation triggered

The Argumentation triggered cluster (n=709) contains sessions that always begin with
Argue: reasoning, justifying, or rationally trying to resolve differences of perspectives
(Fig. 3). The process map in Fig. 3A offers insight into the overall transitions. It shows that
Discuss, Question, Agree, and Socialize mostly transition to Argue. Disagree transitions to
Evaluate (25%), and later to Agree (18%). The index plot (Fig. 3B) exhibits the diversity in
the length of interactions, being only relatively dense in the early few time points. Lastly,
the sequence distribution plot (Fig. 3C) shows that the initial Argue is often followed by
Discuss (33.7% of the sessions) or Share (26.5%), Evaluate (15%) or Socialize (14%).
Later, Discuss and Evaluate dominate with considerable presence of Argue and Social-
ize in the subsequent interactions with minimal Facilitate. In summary, the Argumentation
triggered session is a mix of arguments and other high cognitive interactions for example,
Evaluate, Question and Argue on a bedrock of discussion and socialization.
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Fig.3 Process map (A), index plot (B) and distribution plot (C) of sessions in the Argumentation triggered
cluster. In the index and distribution plot, the x-axis represents the timepoints in the sequence of interac-
tions

Cluster 2: Information triggered

Sessions in the Information triggered cluster (n=423) commonly begin by Share, i.e.,
contributing objective information to the group forum (Fig. 4). The process map (Fig. 4A)
shows the common transitions among interactions. Students are more likely to transition from
Discuss to the end of the session (67%), to continue to Discuss (21%), or to Argue (13%). It
is worth noting that Discuss was the event that most other events transitioned to. Agree led
to Discuss in 100% of all the cases, and most transitions from Argue (75%) and Socialize
(67%) were also to Discuss. The index plot (Fig. 4B) indicates that sessions were mostly
short, where only 29.3% of sessions continued beyond two interactions. According to the
distribution plot (Fig. 4C), the initial Share interaction triggers a Discuss of the provided
information (98.8% of sessions). In summary, the sessions in the Information triggered
cluster was short, less argumentative, and characterized by mostly low cognitive interactions.

Cluster 3: Socially triggered

Sessions in the Socially triggered (n=398) cluster, as the name hints, always begin by Socialize
with peers expressing gratitude, feelings, acknowledgment of contribution or social conversa-
tions. The process map (Fig. 5A) shows that Socialize is commonly followed by Discuss (62%),
Argue (18%), or continued Socialize interactions (20%). As such, social gestures trigger discus-
sions and interactions, which are subsequently followed by further discussions, or arguments.
Disagree was not common, yet always led to Facilitate, meaning that the teachers intervened to
aid the PBL process and to resolve a disagreement. According to the index plot (Fig. 5B), ses-
sions were rather short in length. The view from the sequence distribution plot (Fig. SC) shows
that, after the initial Socialize contribution, interactions are of varied nature, Discuss being the
most frequent one followed by Socialize, Argue, and Agree. In summary, the Socially triggered
sessions were short, dominated by discussion, further socializations, and infrequent arguments.
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Fig.4 Process map (A), index plot (B) and distribution plot (C) of sessions in the Information triggered
cluster. In the index and distribution plot, the x-axis represents the timepoints in the sequence of interac-
tions
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Fig.5 Process map (A), index plot (B) and distribution plot (C) of sessions in the Socially triggered cluster.
In the index and distribution plot, the x-axis represents the timepoints in the sequence of interactions

Cluster 4: Facilitated discussions
The sessions within the Facilitated discussions cluster (n=2883) have a considerable

presence of teachers. The process map (Fig. 6A) shows that Facilitate was followed by
continued Facilitate (68%), Socialize (17%), or by the end of the session (15%). The
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Fig.6 Process map (A), index plot (B) and distribution plot (C) of sessions in the Facilitated discussions
cluster. In the index and distribution plot, the x-axis represents the timepoints in the sequence of interac-
tions

index plot (Fig. 6B) shows sessions with predominantly successive Facilitate actions
reflected teachers who access the asynchronous forums to give feedback to several
students in bulk. Yet, as the distribution plot (Fig. 6C) shows, Facilitate was not
the predominant starting point but rather Evaluate (38%), Discuss (25%), Organize
(23%), and then Facilitate (14%); indicating that teachers helped during Organize,
Evaluate, and Discuss. In summary, the Facilitated discussions cluster was dominated
by teacher-facilitated actions that led students to evaluate, discuss or organize their
group work.

Sequence of sessions

The transitions between the sessions were rather diverse, with Information triggered
being the most common one to start with (39%), followed by Facilitated discussions
(28%), Argumentation triggered (22%), and Socially triggered sessions, which were the
least common starting point (11%). The transitions between clusters had no noticeable
pattern. In other words, students use different patterns of interactions and freely transi-
tion between such types of interactions (Fig. 7).

RQ3 and RQ4: Association with performance

To study which types of interactions —or interaction sequential patterns— are associated
with performance, we developed two types of model: a set of models based on the
frequency of each type of interaction (with four groups of variables), and a model based
on the frequency with which a student is engaged in a sequential pattern of interactions
(cluster).
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Fig. 7 Process map of students’ sequence of sessions

RQ3: Interaction types

Four predictive MLM regression models were developed with interaction types: a full
model with all the variables and three models using different subsets of variables: a cogni-
tive subset where only codes indicating cognitive activities were included, a high-cogni-
tive subset where only variables representing high-cognition activities (i.e., dealing with
the reasoning, critiquing or generation of new ideas or knowledge) were included, and a
last subset with off-task activities (i.e., socializing and organizing). The statistics of all the
models are shown in Table 3.

The full MLM regression model (M, ) included all codes: Argue, Agree, Disagree, Evaluate,
Socialize, Organize, Question, Share and Discuss and was estimated to predict the grades using
the maximum likelihood estimator. The model included course as a random effect, since data
were nested within courses. The model’s total explanatory power was substantial (conditional
R?=0.71), and the part related to the fixed effects alone (marginal R?) was of 0.12. None of the
variables had a statistically significant association with the final grades.

Another model was estimated in the same way as M, with all cognitive interactions (M,):
Argue, Agree, Disagree, Evaluate, Question, Share, and Discuss. The MCog model’s total
explanatory power was substantial and slightly less than M, (conditional R>=0.70) and the
part related to the fixed effects alone (marginal R?) was of 0.13, which is slightly higher than
the M,;; model. The variables that were statistically significant were Argue (beta=0.36, 95%
CI [8.54e-03, 0.72], t(190)=2.02, p=0.045) and Discuss (beta=0.22, 95% CI [0.03, 0.42],
t(190)=2.27, p=0.024), both with a positive association with grades.
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Table 3 Statistics of the MLMs for predicting performance from students’ interactions

All events (M,y)) Cognitive (M) High-cognitive (My;gh) Off-task (M)
(Intercept) 60.11 *** 60.11%%* 61.99 *** 64.85 ***
[46.99;73.23] [47.28;72.95] [49.88;74.09] [50.71;78.99]
Argue 0.34 0.36 * 0.65 ***
[-0.02;0.69] [0.01;0.72] [0.36;0.94]
Agree 0.24 0.42
[-0.72;1.21] [-0.51;1.35]
Disagree -3.41 -3.62
[-8.34;1.53] [-8.52;1.28]
Evaluate 0.15 0.11 0.52 ***
[-0.46;0.76] [-0.50;0.72] [0.24;0.80]
Socialize 0.16 (.55 *x*
[-0.08;0.40] [0.36;0.73]
Organize -0.09 -0.04
[-0.67;0.49] [-0.63;0.54]
Question -0.17 -0.24 -0.11
[-0.99;0.65] [-1.03;0.55] [-0.85;0.63]
Share 0.55 0.45
[-0.22;1.32] [-0.32;1.21]
Discuss 0.17 0.22 *
[-0.04;0.38] [0.03;0.42]
AIC 1501.94 1499.77 1506.45 1519.93
BIC 1541.52 1532.76 1526.24 1536.42
ICC 0.72 0.71 0.67 0.73
R? (fixed) 0.12 0.13 0.10 0.06
R? (total) 0.71 0.70 0.65 0.69

Numbers in bold are regression coefficient estimates
##% p<0.001; ** p<0.01; * p<0.05

A third model (My;p,) was estimated with only high cognition variables (Argue, Evaluate,
and Question) as predictors, and course as a random effect. The M, model’s total
explanatory power was lower than the M, and M, (conditional R>=0.65), and the part
related to the fixed effects alone (marginal R§) was 0.10, which is lower than the two previous
models. The effect of Argue was statistically significant and positive (beta=0.65, 95% CI
[0.36, 0.94], t(194)=4.39, p<0.001), and so was that of Evaluate (beta=0.52, 95% CI [0.24,
0.80], t(194)=3.62, p<0.001).

The last model (M,q) was estimated with the off-task variables (Socialize and Organize)
and course as random effects. The M 4 model’s total explanatory power was also substantial
(conditional R>=0.69), and the part related to the fixed effects alone (marginal R?) was
the lowest of all models (marginal R?=0.06). Only the effect of Socialize was statistically
significant and positive (beta=0.55, 95% CI [0.36, 0.74], t(195)=5.76, p <0.001).

The interclass correlation (ICC) of the four models was relatively high (0.72, 0.71,
0.67, 0.73) indicating that students were highly clustered: the contextual variation
(group interactivity and course implementation) explains a large proportion of the
variation in the outcome.
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RQ4: Sequential patterns of interaction

We ran another MLM regression to predict the grades with the frequency of times
a student has engaged in a certain temporal pattern or clustered sequence (e.g.,
facilitated discussions, information triggered, socially triggered, and argumentation
triggered). The model included the course as a random effect to account for contextual
diversity. The results revealed that students who engaged in more frequent clusters
of the Information triggered, Argumentation triggered, or Socially triggered sessions
were more likely to have higher grades when all variables are held constant. Only the
frequency of Facilitated discussions was statistically non-significant.

The model’s total explanatory power was substantial and higher than all previous
models (conditional R>=0.74), and the part related to the fixed effects (marginal R?)
is of 0.11. The association of Information triggered was statistically significant and
positive (beta=1.72, 95% CI [0.66, 2.77], t(193)=3.21, p=0.002). The association of
the Socially triggered cluster was statistically significant and positive (beta=1.11, 95%
CI [0.53, 1.68], t(193)=3.79, p<0.001). The association of Argumentation triggered
was statistically significant and positive (beta=1.35, 95% CI [0.78, 1.93], t(193) =4.67,
p <0.001). The statistics of the model are shown in Table 4.

Discussion

The aim of this study was to understand the temporal dynamics of the online PBL
process using the latest advances in temporal analytics. Our study applied sequence
and process mining both at the group level —to understand the group dynamics across
the whole problem discussions— and at the student level —to understand the students’
contribution dynamics across different episodes. We followed such analysis by examining
the association of interaction types and sequences with student performance. Our coding
and analysis included all interaction types: social (where students express gratitude and
feelings or build relations), organization and regulation (where students divide their tasks
and co-regulate), as well as cognitive interactions. In doing so, we consider all types of
the collaborative regulatory process, an aspect that has started to receive attention in the
literature (Hadwin et al., 2017; Kreijns et al., 2013; Molenaar & Chiu, 2014).

Table 4 Statistics of the MLMs

for predicting performance from B cl
f;‘:g;’;ﬁ;f}:q”en“al patterns of e rcepy) 5556 %% [40.83:70.29]
Cluster 1: Facilitated discussions 0.39 [-0.06;0.85]
Cluster 2: Information triggered 1.72 ** [0.67;2.77]
Cluster 3: Socially triggered 1.17 *** [0.53;1.68]
Cluster 4: Argumentation triggered 1.35 *** [0.79;1.92]
AIC 1489.91
BIC 1513.00
R? (fixed) 0.11
R? (total) 0.74

% p <0.001; ¥+ p<0.01; * p<0.05
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The analysis of the group interactions reflects to a larger extent —at least in sequence,
yet less so in terms of depth— the scripted PBL process, as it starts with organization,
agreement on duties, and discussion of the problem using prior knowledge. The process
is aided by effective initial co-regulation of duties and task objectives. Nevertheless, later
phases were short and lacked enough depth or high cognitive interactions. After an initial
productive stage —at least partially—, students had few disagreements or conflicts, which
is a common feature previously described in online PBL (Aarnio et al., 2013; Molenaar &
Chiu, 2014). Students asked few questions; when they did, the questions were likely to trig-
ger high cognitive interactions, for example, argumentations, evaluations, and discussions
(Chin & Osborne, 2008). Due to the fact that our data captured the online section only, we
cannot rule out that some of the interactions or arguments occurred through other chan-
nels or face-to-face. Most notably, argumentation, discussions, and socializing formed a
common cyclic pathway, where most interaction types started and ended with either. High
cognitive interactions kindled high cognitive interactions among others, and low cognitive
interactions kindled similarly low cognitive interactions. Put another way, initial co-regu-
lation helped initiate an effective collaboration process, which derailed with the passage of
time into a more socially oriented process with sharing, socializing and less conflict.

The analysis of students’ episodes seems to confirm the aforementioned group-level
findings. We see that argumentation, discussions, and socializing were the de-facto trig-
gers of all interactions. A cyclical pattern ensued between these three episodes, only and
less frequently interrupted by the evaluation, questions, and agreement or the scarce lack
thereof (disagreement). Therefore, our study does not corroborate the findings of Lajoie
et al. (2014, 2015), who reported an increasing cognitive presence and more adaptive self-
regulation between the first and second PBL sessions. A possible explanation is that the
authors studied a limited sample with only two sessions, while our study involved a larger
sample across several episodes. In fact, a systematic literature review by Dolmans et al.
(2016) found evidence (with a medium effect size) that PBL enhances learning strategies
within longitudinal studies, but not in short-term studies.

Further examination of the sequence analysis emphasizes the importance of social interac-
tions as a continuous backdrop to the stream of interactions. Social interactions served as a “fab-
ric” or a “bridge” over which other types of interactions were acknowledged or appreciated and,
later, acted as a catalyst for other cognitive interactions to develop (Vygotsky & Cole, 1978).
The prevalence, the reciprocity, and the centrality of social interactions, helped create a space of
trust, a sense of relatedness and mutual understanding that motivated students to interact (Kreijns
et al., 2013; Molenaar & Chiu, 2014; Wegerif, 1998). Such findings corroborate Lajoie et al.’s
(2015) initial observation that social interactions promote cohesive PBL group dynamics. The
social dimension of collaboration has been acknowledged in several research frameworks, yet
the importance thereof has been commonly overlooked —in the analysis— in favor of a focus on
cognitive interactions instead (Hadwin et al., 2017; Wegerif, 1998). Recently, more emphasis has
been placed in unraveling how non-cognitive interactions help kindle collaboration (e.g., Saqr
et al., 2020b). The MLM regression in our study further confirmed that engagement in social
interaction (in the off-task model), or the frequency of engaging in socially triggered episodes of
interactions have both been associated with better performance in a statistically significant way.
Such results emphasize the importance of social skills, and the need for more emphasis on view-
ing collaboration as a holistic process that is not only “cognitive” (Hadwin et al., 2017).

The MLM regression models have also shown that the temporal sequences of interaction
episodes (clusters) —compared to the frequency of interactions— were consistently posi-
tively associated with students’ achievement in a statistically significant way and offered
higher explanatory power (R?) as well. All the three non-facilitated clusters, including the
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socially triggered cluster, were associated with better performance. Such findings contrib-
ute to the body of evidence that the temporality of interactions may be more indicative of
productive interactions rather than simple counts or frequency (Molenaar & Chiu, 2014).
As our data shows, students initiating the interactions were more likely to perform better,
even more than those who engage in argumentative high cognitive interactions.

Contributing to the teacher-facilitated sessions was the only interaction episode that was
not associated with better performance. The process mining shows that teachers’ interac-
tions —while not few in count— were largely disconnected from other cognitive interac-
tions. Whereas teachers had frequent interactions, they had limited presence (in time and
process). The classical PBL process emphasizes the role of the teacher as a guide on the
side or a facilitator, who should not heavy handedly guide the PBL process (Hmelo-Silver,
2004). Our results suggest that if high cognitive interactions, clinical reasoning, and critical
thinking are the target of the PBL process, online teacher scaffolds may need to stimulate
such higher cognitive interactions. In other words, mirroring the same tutoring face-to-face
strategy in the online CSCL should not be the goal (Donnelly, 2013; Schmidt & Moust,
1995). It is also worth mentioning that the interclass correlation was high. Interclass cor-
relation represents the unexplained variance that is unmeasured, or due to clustering or
contextual variability. Such findings reflect the importance of implementations of CSCL
(Roback & Legler, 2021).

Self-directedness, a major tenet of PBL, seems to be exercised by our students unevenly,
and mostly to provide resources, or explain with suboptimal critical depth. Recent evidence
seem to corroborate this idea, where only a limited subset of students seems to have a col-
laborative trait across courses (Saqr & Lopez-Pernas, 2022). We concur with Loyens et al.
(2008), who concluded that, in order to address uncertainty and anxiety about learning
goal achievement, we need to enhance guidance and “reform” how we enact, monitor and
perhaps remediate self-directedness. Sandars and Cleary (2011) suggested that the applica-
tion of self-regulation to problem-based learning can be a potential solution. As the authors
note: gaps in self-regulation seem to be more pronounced in low achieving students who
tend to over-estimate their skills, knowledge, and performance; consequently, “self” judg-
ment or directedness are not enough. Proactively working to improve self-regulation, to
offer feedback and to embolden effective learning strategies in low achieving students is
therefore required (Sandars & Cleary, 2011). Such efforts are more relevant when it comes
to online learning environments —online PBL in our case— where self-regulation is even
more critical (Greene et al., 2011). In summary, online PBL may require different strate-
gies beyond the classic face-to-face strategies, in particular, for students who lack proper
self-regulation skills, or whose self-directedness may not be optimal.

While online PBL is essentially a collaborative learning process, there are differences
that warrant discussion before generalizing between contexts. PBL and collaborative learn-
ing (CL) share several commonalities but also have some differences. A shared goal or a
task exist both in PBL and CL. The task is often a problem from everyday life in PBL, but
that is not always the case in CL. Additionally, in both PBL and CL, students work in small
groups towards accomplishing the shared goal. Interdependence is an essential aspect of
both PBL and CL. Nevertheless, the interdependence of the two techniques differs greatly
(Davidson & Major, 2014). In CL, structured tasks, social and academic goals are used to
encourage positive interdependence, and roles are not often used; while in PBL. —espe-
cially in face-to-face implementation—, roles are often used along with structuring and
rewards (Davidson & Major, 2014). Another essential difference between CL and PBL is
that, in the latter, students have to discuss, debate, and argue about possible solutions for
the problem.
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Limitations and future directions

Our study has some limitations that warrant mentioning. Our study did not include the face-
to-face section and therefore, some interactions were missed. Since students were able to
meet physically, their interactions online maybe based —at least partially— on their existing
relationships. Furthermore, of course some interactions may have happened outside the plat-
form, and are therefore unaccounted for (e.g., Rienties et al., 2019; Tempelaar et al., 2020).

Coding qualitative data is a subjective process that potentially results in some inac-
curacies. Yet, we hope that the large number of interactions helps mitigate this concern.
Sequence mining is a technique for the analysis of time-ordered interactions. While our
analysis on the group level accounts for the interdependence between students, it remains
limited on the student level, as it overlooks the relational aspects. We tried to mitigate this
concern by offering analysis on the session level (Fig. 7). The distribution plot tends to
overestimate the interactions as time progresses; therefore, we included an index plot with
every figure that offers a realistic view of the interactions. We also built our interpretation
on the process maps and index plots to avoid this concern.

Finally, our results are limited by the context and the design of our PBL process, and inter-
pretation should take such contextual factors into consideration. We have used sequence and
process mining as our main methods, yet the temporal relational aspect deserves an in-depth
study of how the relational aspects unfold in time. Such aspects may be realized using novel
methods such as temporal network analysis (e.g., Saqr & Peeters, 2022).

Conclusions

At the group level, the analysis of online PBL has revealed that the self-directed and largely
scripted PBL process is followed in an orderly sequence, yet often lacked enough depth.
Teacher facilitation may have helped engagement but not depth or critical thinking. While
self-directedness has been the tenet and “the article of faith” within PBL, it was less likely
to emerge spontaneously and less frequently sustained across the duration of the task. The
findings that high cognitive interactions (e.g., arguments, questions, and evaluations) kindled
high cognitive interactions begs the need for problems and tutor guidance to be designed with
the goal of facilitating high cognitive functions in mind. Put another way, how we design
the online PBL process needs a “reform” to help students to be self-directed and sustain a
productive collaborative process. A sequence of interactions was likely to emerge on a social
backdrop, which may have helped form a cohesive group. Nevertheless, the longer chains
of sequences were dominated by more agreement, sharing and social bonding and rare high
cognitive interactions; in other words, the long chains of messages were short of cognitive
depth.

On the student level, several types of clusters of sequences of interactions emerged. Here,
order and triggering of interactions mattered (e.g., social, information sharing and argumenta-
tion). Starting or initiating interactions (even with low cognitive content) showed the highest
association with performance as it stimulated others to build on the shared knowledge. The
results of the regression models show that sequences of interactions explained variations of
grades more than simple counts. Interestingly, the variability of contexts was large pointing to
the complexities of context in CSCL as a learning environment and possibly that design and
elements (artefacts, teachers, students, medium) vary more than we expected.
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Our results have implication for the group formation, PBL problem designers and teachers
facilitating group interactions. Groups would benefit from inclusion of students who can
trigger argumentative interactions, encourage others to engage and help sustain a focused
productive discussion. Online PBL need to be monitored based on quality not quantity or
length of interactions. Teachers need to prioritize content over quantity of interactions, for
instance, stimulate argumentative interactions rather than simple knowledge sharing. We
offered an example of how the modern process and sequence mining methods could help
unravel the dynamics of CSCL which was a realization of the methods suggested by Chiu
and Reimann (2021). While social network graphs have been implemented in CSCL for
decades to represent and support argumentation, we believe that our study provides an initial
demonstration that sequence and process graphs could prove worthwhile in following the
sequential unfolding of interactions.

Acknowledgements The paper is co-funded by the Academy of Finland (Suomen Akatemia) Research
Council for Natural Sciences and Engineering for the project Towards precision education: Idiographic
learning analytics (TOPEILA), Decision Number 350560 which was received by the first author. The First
and second authors would also like to thank January Collective for their generous support and Mahmud
Hasan Khan for his help coding the dataset. Forum icons created by Smashicons — Flaticon, Meeting icons
created by Freepik — Flaticon.

Funding Open access funding provided by University of Eastern Finland (UEF) including Kuopio
University Hospital.

Data availability The data are not publicly available due to restriction imposed by the ethical committee
approval.

Declarations

Ethical approval The study data collection and analysis were approved, ID:6065 from the University Ethical
Board.

Competing interests The authors have no competing interests to report.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aarnio, M., Lindblom-Yldnne, S., Nieminen, J., & Pyorild, E. (2013). Dealing with conflicts on knowl-
edge in tutorial groups. Advances in Health Sciences Education: Theory and Practice, 18(2), 215-230.
https://doi.org/10.1007/s10459-012-9366-z

Albanese, M. A., & Dast, L. C. (2014). Problem-based learning BT. In K. N. Huggett & W. B. Jeffries (Eds.),
An introduction to medical teaching (pp. 57-68). Springer. https://doi.org/10.1007/978-94-017-9066-6_5

Baker, M., & Lund, K. (1997). Promoting reflective interactions in a CSCL environment. Journal of Com-
puter Assisted Learning, 13(3), 175-193. https://doi.org/10.1046/j.1365-2729.1997.00019.x

Bates, D., Michler, M., Bolker, B., & Walker, S. (2014). Fitting linear mixed-effects models using Ime4.
arXiv [stat.CO]. http://arxiv.org/abs/1406.5823

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s10459-012-9366-z
https://doi.org/10.1007/978-94-017-9066-6_5
https://doi.org/10.1046/j.1365-2729.1997.00019.x
http://arxiv.org/abs/1406.5823

34 M. Sagr, S. Lépez-Pernas

Bogarin, A., Cerezo, R., & Romero, C. (2018). A survey on educational process mining. Wiley interdiscipli-
nary reviews. Data mining and knowledge discovery, 8(1), €1230. https://doi.org/10.1002/widm.1230

Car, L. T., Myint Kyaw, B., Dunleavy, G., Smart, N. A., Semwal, M., Rotgans, J. L, et al. (2019). Digital prob-
lem-based learning in health professions: Systematic review and meta-analysis by the digital health educa-
tion collaboration. Journal of Medical Internet Research, 21(2), 1-12. https://doi.org/10.2196/12945

Chin, C., & Osborne, J. (2008). Students’ questions: A potential resource for teaching and learning science.
Studies in Science Education, 44(1), 1-39. https://doi.org/10.1080/03057260701828101

Chiu, M. M., & Reimann, P. (2021). Statistical and stochastic analysis of sequence data. In U. Cress, C. Rosé,
A. F. Wise, & J. Oshima (Eds.), International handbook of computer-supported collaborative learning
(pp- 533-550). Springer International Publishing. https://doi.org/10.1007/978-3-030-65291-3_29

Cress, U., Oshima, J., Rosé, C., & Wise, A. F. (2021). Foundations, processes, technologies, and methods:
An overview of CSCL through its handbook. In U. Cress, C. Rosé, A. F. Wise, & J. Oshima (Eds.),
International handbook of computer-supported collaborative learning (pp. 3-22). Springer Interna-
tional Publishing. https://doi.org/10.1007/978-3-030-65291-3_1

Davidson, N., & Major, C. H. (2014). Boundary crossings: Cooperative learning, collaborative learning, and
problem-based learning. Journal on Excellence in College Teaching, 25(3 & 4), 7-55.

Dolmans, D. H. J. M. (2019). How theory and design-based research can mature PBL practice and research.
Advances in Health Sciences Education: Theory and Practice, 24(5), 879-891. https://doi.org/10.
1007/s10459-019-09940-2

Dolmans, D. H. J. M., De Grave, W., Wolfhagen, I. H. A. P., & Van Der Vleuten, C. P. M. (2005). Problem-
based learning: Future challenges for educational practice and research. Medical Education, 39(7),
732-741. https://doi.org/10.1111/j.1365-2929.2005.02205.x

Dolmans, D. H. J. M., Loyens, S. M. M., Marcq, H., & Gijbels, D. (2016). Deep and surface learning in
problem-based learning: A review of the literature. Advances in Health Sciences Education: Theory
and Practice, 21(5), 1087-1112. https://doi.org/10.1007/s10459-015-9645-6

Donnelly, R. (2013). The role of the PBL tutor within blended academic development. Innovations in Edu-
cation and Teaching International, 50(2), 133—143. https://doi.org/10.1080/14703297.2012.760866

Field, A., Miles, J., & Field, Z. (2012). Discovering statistics using R. https://doi.org/10.1111/insr.12011_21

Fincham, E., Gasevié, D., Jovanovié, J., & Pardo, A. (2019). From study tactics to learning strategies: An
analytical method for extracting interpretable representations. /EEE Transactions on Learning Tech-
nologies, 12(1), 59-72. https://doi.org/10.1109/TLT.2018.2823317

Gabadinho, A., Ritschard, G., Miiller, N. S., & Studer, M. (2011). Analyzing and visualizing state sequences
inRwithTraMineR. Journal of statistical software, 40(4), 1-37. https://doi.org/10.18637/jss.v040.104

Gabadinho, A., Ritschard, G., Studer, M., & Nicolas, S. M. (2009). Mining sequence data in R with the
TraMineR package: A users guide for version 1.2. Geneva: University of Geneva, 1.

Garrison, D. R., Randy Garrison, D., Anderson, T., & Archer, W. (1999). Critical inquiry in a text-based
environment: Computer conferencing in higher education. The Internet and Higher Education. https://
doi.org/10.1016/s1096-7516(00)00016-6

Gatta, R., Lenkowicz, J., Vallati, M., Rojas, E., Damiani, A., & Sacchi, L., et al. (2017a). pMineR: An inno-
vative R library for performing process mining in medicine. In Artificial intelligence in medicine (pp.
351-355). Springer International Publishing. https://doi.org/10.1007/978-3-319-59758-4_42

Gatta, R., Vallati, M., Lenkowicz, J., Rojas, E., Damiani, A., & Sacchi, L., et al. (2017b). Generating and
comparing knowledge graphs of medical processes using pMineR. In Proceedings of the Knowledge
Capture Conference. Presented at the K-CAP 2017b: Knowledge Capture Conference, New York, NY,
USA: ACM. https://doi.org/10.1145/3148011.3154464

Gewurtz, R. E., Coman, L., Dhillon, S., Jung, B., & Solomon, P. (2016). Problem-based learning and theo-
ries of teaching and learning in health professional education. Journal of Perspectives in Applied Aca-
demic Practice, 4(1), 59-70. https://doi.org/10.14297/jpaap.v4il.194

Giesbers, B., Rienties, B., Tempelaar, D., & Gijselaers, W. (2014). A dynamic analysis of the interplay
between asynchronous and synchronous communication in online learning: The impact of motivation.
Journal of Computer Assisted Learning, 30(1), 30-50. https://doi.org/10.1111/jcal.12020

Greene, J. A., Moos, D. C., & Azevedo, R. (2011). Self-regulation of learning with computer-based learning envi-
ronments. New Directions for Teaching and Learning, 2011(126), 107-115. https://doi.org/10.1002/t1.449

Hadwin, A., Jarveld, S., & Miller, M. (2017). Self-regulation, co-regulation, and shared regulation in col-
laborative learning environments. In Handbook of self-regulation of learning and performance (pp.
83-106). Routledge. https://doi.org/10.4324/9781315697048-6

Hiékkinen, P. (2013). Multiphase method for analysing online discussions. Journal of Computer Assisted
Learning, 29(6), 547-555. https://doi.org/10.1111/jcal.12015

Hendry, G., Frommer, M., & Walker, R. (1999). Constructivism and problem based learning. Journal of
further and higher ..., 45-51. https://doi.org/10.1080/0309877990230306

@ Springer


https://doi.org/10.1002/widm.1230
https://doi.org/10.2196/12945
https://doi.org/10.1080/03057260701828101
https://doi.org/10.1007/978-3-030-65291-3_29
https://doi.org/10.1007/978-3-030-65291-3_1
https://doi.org/10.1007/s10459-019-09940-2
https://doi.org/10.1007/s10459-019-09940-2
https://doi.org/10.1111/j.1365-2929.2005.02205.x
https://doi.org/10.1007/s10459-015-9645-6
https://doi.org/10.1080/14703297.2012.760866
https://doi.org/10.1111/insr.12011_21
https://doi.org/10.1109/TLT.2018.2823317
https://doi.org/10.18637/jss.v040.i04
https://doi.org/10.1016/s1096-7516(00)00016-6
https://doi.org/10.1016/s1096-7516(00)00016-6
https://doi.org/10.1007/978-3-319-59758-4_42
https://doi.org/10.1145/3148011.3154464
https://doi.org/10.14297/jpaap.v4i1.194
https://doi.org/10.1111/jcal.12020
https://doi.org/10.1002/tl.449
https://doi.org/10.4324/9781315697048-6
https://doi.org/10.1111/jcal.12015
https://doi.org/10.1080/0309877990230306

The temporal dynamics of online problem-based learning: Why... 35

Hmelo-Silver, C. E. (2004). Problem-based learning: What and how do students learn? Educational Psy-
chology Review, 16, 235-266. https://doi.org/10.1023/B:EDPR.0000034022.16470.£3

Ioannou, A., Vasiliou, C., & Zaphiris, P. (2016). Problem-based learning in multimodal learning environ-
ments. ACM Journal on Educational Resources in Computing, 54(7), 1022—-1040. https://doi.org/10.
1177/0735633116636755

Jeong, H., & Hmelo-Silver, C. E. (2016). Seven affordances of computer-supported collaborative learning:
How to support collaborative learning? How can technologies help? Educational Psychologist, 51(2),
247-265. https://doi.org/10.1080/00461520.2016.1158654

Kinnebrew, J. S., & Biswas, G. (2012). Identifying learning behaviors by contextualizing differential
sequence mining with action features and performance evolution. Proceedings of the 5th International
Conference on Educational Data Mining, EDM 2012, 57-64.

Kreijns, K., Kirschner, P. A., & Vermeulen, M. (2013). Social aspects of CSCL environments: A research
framework. Educational Psychologist, 48(4), 229-242. https://doi.org/10.1080/00461520.2012.750225

Lajoie, S. P., Hmelo-Silver, C. E., Wiseman, J. G., Chan, L. K., Lu, J., Khurana, C., et al. (2014). Using
online digital tools and video to support international problem-based learning. Interdisciplinary Jour-
nal of Problem-Based Learning, 8(2), 6. https://doi.org/10.7771/1541-5015.1412

Lajoie, S. P., Lee, L., Poitras, E., Bassiri, M., Kazemitabar, M., Cruz-Panesso, ., et al. (2015). The role of
regulation in medical student learning in small groups: Regulating oneself and others’ learning and
emotions. Computers in Human Behavior, 52, 601-616. https://doi.org/10.1016/j.chb.2014.11.073

Loépez-Pernas, S., & Saqr, M. (2021). Bringing synchrony and clarity to complex multi-channel data: A
learning analytics study in programming education. IEEE Access, 1-1. https://doi.org/10.1109/
ACCESS.2021.3134844

Lépez-Pernas, S., Saqr, M., & Viberg, O. (2021). Putting it all together: Combining learning analytics meth-
ods and data sources to understand students’ approaches to learning programming. Sustainability,
13(9), 4825. https://www.mdpi.com/2071-1050/13/9/4825. Accessed 25 August 2021.

Loyens, S. M. M., Magda, J., & Rikers, R. M. J. P. (2008). Self-directed learning in problem-based learn-
ing and its relationships with self-regulated learning. Educational Psychology Review, 20(4), 411-427.
https://doi.org/10.1007/s10648-008-9082-7

Lu, J., Lajoie, S. P., & Wiseman, J. (2010). Scaffolding problem-based learning with CSCL tools. Interna-
tional Journal of Computer-Supported Collaborative Learning, 5(3), 283-298. https://doi.org/10.1007/
s11412-010-9092-6

Malmberg, J., Saqr, M., Jarvenoja, H., & Jirveld, S. (2022). How the monitoring events of individual stu-
dents are associated with phases of regulation. Journal of learning analytics, 9(1), 77-92. https://doi.
org/10.18608/j1a.2022.7429

Marra, R. M., Jonassen, D. H., & Palmer, B. (2014). Why problem-based learning works: Theoretical foun-
dations. Journal on Excellence in College Teaching, 25(3/4), 221-238.

Matcha, W., Gasevi¢, D., Uzir, N. A., Jovanovi¢, J., & Pardo, A. (2019). Analytics of learning strategies:
Associations with academic performance and feedback. In Proceedings of the 9th International Con-
ference on Learning Analytics & Knowledge (pp. 461-470). https://doi.org/10.1145/3303772.3303787

Molenaar, I., & Chiu, M. M. (2014). Dissecting sequences of regulation and cognition: Statistical discourse
analysis of primary school children’s collaborative learning. Metacognition and Learning, 9(2), 137-
160. https://doi.org/10.1007/s11409-013-9105-8

Nakagawa, S., & Schielzeth, H. (2013). A general and simple method for obtaining R2 from generalized lin-
ear mixed-effects models. Methods in Ecology and Evolution, 4(2), 133—142. https://doi.org/10.1111/j.
2041-210x.2012.00261.x

O’brien, R. M. (2007). A caution regarding rules of thumb for variance inflation factors. Quality & Quan-
tity, 41(5), 673-690. https://doi.org/10.1007/s11135-006-9018-6

Oliver, R., & Omari, A. (1999). Using online technologies to support problem based learning: Learners’
responses and perceptions. Australasian Journal of Educational Technology, 15(1). https://doi.org/10.
14742/ajet. 1847

Oshima, J., & Hoppe, H. U. (2021). Finding meaning in log-file data. In U. Cress, C. Rosé, A. F. Wise, &
J. Oshima (Eds.), International handbook of computer-supported collaborative learning (pp. 569-584).
Springer International Publishing. https://doi.org/10.1007/978-3-030-65291-3_31

Peeters, W., Sagr, M., & Viberg, O. (2020). Applying learning analytics to map students’ self-regulated learning
tactics in an academic writing course. In Proceedings of the 28th International Conference on Computers
in Education (Vol. 1, pp. 245-254).

Reimann, P. (2009). Time is precious: Variable- and event-centred approaches to process analysis in CSCL
research. International Journal of Computer-Supported Collaborative Learning, 4(3), 239-257. https://
doi.org/10.1007/s11412-009-9070-z

@ Springer


https://doi.org/10.1023/B:EDPR.0000034022.16470.f3
https://doi.org/10.1177/0735633116636755
https://doi.org/10.1177/0735633116636755
https://doi.org/10.1080/00461520.2016.1158654
https://doi.org/10.1080/00461520.2012.750225
https://doi.org/10.7771/1541-5015.1412
https://doi.org/10.1016/j.chb.2014.11.073
https://doi.org/10.1109/ACCESS.2021.3134844
https://doi.org/10.1109/ACCESS.2021.3134844
https://www.mdpi.com/2071-1050/13/9/4825
https://doi.org/10.1007/s10648-008-9082-7
https://doi.org/10.1007/s11412-010-9092-6
https://doi.org/10.1007/s11412-010-9092-6
https://doi.org/10.18608/jla.2022.7429
https://doi.org/10.18608/jla.2022.7429
https://doi.org/10.1145/3303772.3303787
https://doi.org/10.1007/s11409-013-9105-8
https://doi.org/10.1111/j.2041-210x.2012.00261.x
https://doi.org/10.1111/j.2041-210x.2012.00261.x
https://doi.org/10.1007/s11135-006-9018-6
https://doi.org/10.14742/ajet.1847
https://doi.org/10.14742/ajet.1847
https://doi.org/10.1007/978-3-030-65291-3_31
https://doi.org/10.1007/s11412-009-9070-z
https://doi.org/10.1007/s11412-009-9070-z

36 M. Sagr, S. Lépez-Pernas

Rienties, B., Giesbers, B., Tempelaar, D., Lygo-Baker, S., Segers, M., & Gijselaers, W. (2012). The role of
scaffolding and motivation in CSCL. Computers & Education, 59(3), 893-906. https://doi.org/10.1016/j.
compedu.2012.04.010

Rienties, B., Tempelaar, D., Nguyen, Q., & Littlejohn, A. (2019). Unpacking the intertemporal impact of self-
regulation in a blended mathematics environment. Computers in Human Behavior, 100(June), 345-357.
https://doi.org/10.1016/j.chb.2019.07.007

Ritter, F. E., Nerb, J., Lehtinen, E., & O’Shea, T. M. (2007). In order to learn: How the sequence of topics influ-
ences learning. Oxford University Press. https://doi.org/10.1093/acprof:0s0/9780195178845.001.0001

Roback, P., & Legler, J. (2021). Beyond multiple linear regression: applied generalized linear models and mul-
tilevel models in R. Chapman and Hall/CRC. https://doi.org/10.1201/9780429066665

Sandars, J., & Cleary, T. J. (2011). Self-regulation theory: applications to medical education: AMEE Guide No.
58. Medical teacher, 33(11), 875-886. https://doi.org/10.3109/0142159X.2011.595434

Saqr, M., & Lopez-Pernas, S. (2021). The longitudinal trajectories of online engagement over a full program.
Computers & Education, 175, 104325. https://doi.org/10.1016/j.compedu.2021.104325

Saqr, M., & Lépez-Pernas, S. (2022). How CSCL roles emerge, persist, transition, and evolve over time: A four-
year longitudinal study. Computers & education, 189(104581), 104581. https://doi.org/10.1016/j.compe
du.2022.104581

Saqr, M., & Nouri, J. (2020). LAK - High resolution temporal network analysis to understand and improve col-
laborative learning. ACM. https://doi.org/10.1145/3375462.3375501

Saqr, M., & Peeters, W. (2022). Temporal networks in collaborative learning: A case study. British Journal of
Educational Technology. https://doi.org/10.1111/bjet. 13187

Saqr, M., Nouri, J., Vartiainen, H., & Tedre, M. (2020a). Robustness and rich clubs in collaborative learning
groups: A learning analytics study using network science. Scientific Reports, 10(1), 14445. https://doi.org/
10.1038/541598-020-71483-z

Saqr, M., Viberg, O., & Vartiainen, H. (2020b). Capturing the participation and social dimensions of computer-
supported collaborative learning through social network analysis: Which method and measures matter?
International Journal of Computer-Supported Collaborative Learning, 15(2), 227-248. https://doi.org/10.
1007/s11412-020-09322-6

Sagr, M., Lopez-Pernas, S., Jovanovié, J., & Gasevié, D. (2023). Intense, turbulent, or wallowing in the mire:
A longitudinal study of cross-course online tactics, strategies, and trajectories. The Internet and Higher
Education, 57, 100902. https://doi.org/10.1016/j.iheduc.2022.100902

Saqr, M., & Viberg, O. (2020). Using diffusion network analytics to examine and support knowledge construc-
tion in CSCL settings. In C. Alario-Hoyos, M. J. Rodriguez-Triana, 1. M. Scheffe, I. Arnedillo-Sanchez,
& D. S.m. (Eds.), Addressing global challenges and quality education. EC-TEL 2020. Lecture Notes in
Computer Science (Vol. 12315, pp. 158-172). Springer, C. https://doi.org/10.1007/978-3-030-57717-9_12

Savery, J. R., & Dufty, T. M. (1995). Problem based learning: An instructional model and its constructivist
framework. Educational Technology Research and Development: ETR & D, 35(5), 31-38.

Schmidt, H. G., & Moust, J. H. (1995). What makes a tutor effective? A structural-equations modeling approach
to learning in problem-based curricula. Academic Medicine : Journal of the Association of American
Medical Colleges. https://doi.org/10.1097/00001888-199508000-00015

Servant-Miklos, V. F. C., Woods, N. N., & Dolmans, D. H. J. M. (2019). Celebrating 50 years of problem-based
learning: Progress, pitfalls and possibilities. Advances in Health Sciences Education: Theory and Practice,
24(5), 849-851. https://doi.org/10.1007/s10459-019-09947-9

Sobocinski, M., Malmberg, J., & Jérveld, S. (2017). Exploring temporal sequences of regulatory phases and
associated interactions in low- and high-challenge collaborative learning sessions. Metacognition and
Learning, 12(2), 275-294. https://doi.org/10.1007/s11409-016-9167-5

Song, Y., Cao, J., Yang, Y., & Looi, C.-K. (2022). Mapping primary students’ mobile collaborative inquiry-
based learning behaviours in science collaborative problem solving via learning analytics. International
Journal of Educational Research, 114(101992), 101992. https://doi.org/10.1016/j.ijer.2022.101992

Suthers, D. D. (2006). Technology affordances for intersubjective meaning making: A research agenda for
CSCL. International Journal of Computer-Supported Collaborative Learning, 1(3), 315-337. https://doi.
org/10.1007/s11412-006-9660-y

Tempelaar, D., Rienties, B., & Giesbers, B. (2015). In search for the most informative data for feedback genera-
tion: Learning analytics in a data-rich context. Computers in Human Behavior, 47, 157-167. https://doi.
org/10.1016/j.chb.2014.05.038

Tempelaar, D., Rienties, B., Mittelmeier, J., & Nguyen, Q. (2018). Student profiling in a dispositional learning
analytics application using formative assessment. Computers in Human Behavior, 78, 408-420. https://
doi.org/10.1016/j.chb.2017.08.010

Tempelaar, D., Nguyen, Q., & Rienties, B. (2020). Learning Analytics and the measurement of learning engage-
ment (pp. 159-176). https://doi.org/10.1007/978-3-030-47392-1_9

@ Springer


https://doi.org/10.1016/j.compedu.2012.04.010
https://doi.org/10.1016/j.compedu.2012.04.010
https://doi.org/10.1016/j.chb.2019.07.007
https://doi.org/10.1093/acprof:oso/9780195178845.001.0001
https://doi.org/10.1201/9780429066665
https://doi.org/10.3109/0142159X.2011.595434
https://doi.org/10.1016/j.compedu.2021.104325
https://doi.org/10.1016/j.compedu.2022.104581
https://doi.org/10.1016/j.compedu.2022.104581
https://doi.org/10.1145/3375462.3375501
https://doi.org/10.1111/bjet.13187
https://doi.org/10.1038/s41598-020-71483-z
https://doi.org/10.1038/s41598-020-71483-z
https://doi.org/10.1007/s11412-020-09322-6
https://doi.org/10.1007/s11412-020-09322-6
https://doi.org/10.1016/j.iheduc.2022.100902
https://doi.org/10.1007/978-3-030-57717-9_12
https://doi.org/10.1097/00001888-199508000-00015
https://doi.org/10.1007/s10459-019-09947-9
https://doi.org/10.1007/s11409-016-9167-5
https://doi.org/10.1016/j.ijer.2022.101992
https://doi.org/10.1007/s11412-006-9660-y
https://doi.org/10.1007/s11412-006-9660-y
https://doi.org/10.1016/j.chb.2014.05.038
https://doi.org/10.1016/j.chb.2014.05.038
https://doi.org/10.1016/j.chb.2017.08.010
https://doi.org/10.1016/j.chb.2017.08.010
https://doi.org/10.1007/978-3-030-47392-1_9

The temporal dynamics of online problem-based learning: Why... 37

Thompson, K., Ashe, D., Carvalho, L., Goodyear, P., Kelly, N., & Parisio, M. (2013). Processing and visualiz-
ing data in complex learning environments. American Behavioral Scientist. https://doi.org/10.1177/00027
64213479368

Tseng, K.-H., Chiang, F. K., & Hsu, W.-H. (2008). Interactive processes and learning attitudes in a web-based
problem-based learning (PBL) platform. Computers in Human Behavior, 24(3), 940-955. https://doi.org/
10.1016/j.chb.2007.02.023

Unal, E. (2019). Web 2.0 technologies supporting problem based learning: A systematic literature review. Jour-
nal of Problem Based Learning in Higher Education, 7(1). https://doi.org/10.5278/0js.jpblhe.v7i1.2845

Valtonen, T., Lépez-Pernas, S., Saqr, M., Vartiainen, H., Sointu, E. T., & Tedre, M. (2022). The nature and
building blocks of educational technology research. Computers in Human Behavior, 128, 107123. https://
doi.org/10.1016/j.chb.2021.107123

van der Aalst, W. (2012). Process mining. ACM Transactions on Management Information Systems, 3(2), 1-17.
https://doi.org/10.1145/2229156.2229157

van der Aalst, W. M. P. (2018). Process discovery from event data: Relating models and logs through abstrac-
tions. Wiley Interdisciplinary Reviews. Data Mining and Knowledge Discovery, 8(3), e1244. https://doi.
org/10.1002/widm. 1244

Visschers-Pleijers, A. J. S. F., Dolmans, D. H. J. M., De Leng, B. A., Wolthagen, I. H. A. P., & Van Der Vleu-
ten, C. P. M. (2006). Analysis of verbal interactions in tutorial groups: A process study. Medical Educa-
tion, 40(2), 129-137. https://doi.org/10.1111/j.1365-2929.2005.02368.x

Vygotsky, L. S., & Cole, M. (1978). Mind in society: Development of higher psychological processes. Harvard
University Press. https://doi.org/10.2307/j.ctvjfvz4

Wegerif, R. (1998). The social dimension of asynchronous learning networks. The Journal of Asynchronous
Learning Networks, 2(1). https://doi.org/10.24059/0lj.v2i1.1928

Winne, P. H. (2005). A perspective on state-of-the-art research on self-regulated learning. Instructional Science,
33(5/6), 559-565. https://doi.org/10.1007/s11251-005-1280-9

Wood, D. F. (2003). Problem based learning ABC of learning and teaching in medicine: Topic collections ABC
of learning and teaching in medicine Problem based learning. BMJ, 326(7384), 328-330. https://doi.org/
10.1136/bm;.326.7384.328

Yew, E. H. J., & Goh, K. (2016). Problem-based learning: An overview of its process and impact on learning.
Health Professions Education, 2(2), 75-79. https://doi.org/10.1016/j.hpe.2016.01.004

Yew, E. H. J., & Schmidt, H. G. (2009). Evidence for constructive, self-regulatory, and collaborative processes
in problem-based learning. Advances in Health Sciences Education: Theory and Practice, 14(2), 251-273.
https://doi.org/10.1007/s10459-008-9105-7

Yew, E. H. J., Chng, E., & Schmidt, H. G. (2011). Is learning in problem-based learning cumulative?
Advances in Health Sciences Education: Theory and Practice, 16(4), 449-464. https://doi.org/10.1007/
$10459-010-9267-y

Zhao, T., Liu, H., Roeder, K., Lafferty, J., & Wasserman, L. (2012). The huge Package for High-dimensional
Undirected Graph Estimation in R. Journal of machine learning research: JMLR, 13, 1059-1062.

Lamsd, J., Hamildinen, R., Koskinen, P., Viiri, J., & Lampi, E. (2021). What do we do when we analyse
the temporal aspects of computer-supported collaborative learning? A systematic literature review. In
Educational Research Review (Vol. 33, p. 100387). Elsevier BV. https://doi.org/10.1016/j.edurev.2021.
100387

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

@ Springer


https://doi.org/10.1177/0002764213479368
https://doi.org/10.1177/0002764213479368
https://doi.org/10.1016/j.chb.2007.02.023
https://doi.org/10.1016/j.chb.2007.02.023
https://doi.org/10.5278/ojs.jpblhe.v7i1.2845
https://doi.org/10.1016/j.chb.2021.107123
https://doi.org/10.1016/j.chb.2021.107123
https://doi.org/10.1145/2229156.2229157
https://doi.org/10.1002/widm.1244
https://doi.org/10.1002/widm.1244
https://doi.org/10.1111/j.1365-2929.2005.02368.x
https://doi.org/10.2307/j.ctvjf9vz4
https://doi.org/10.24059/olj.v2i1.1928
https://doi.org/10.1007/s11251-005-1280-9
https://doi.org/10.1136/bmj.326.7384.328
https://doi.org/10.1136/bmj.326.7384.328
https://doi.org/10.1016/j.hpe.2016.01.004
https://doi.org/10.1007/s10459-008-9105-7
https://doi.org/10.1007/s10459-010-9267-y
https://doi.org/10.1007/s10459-010-9267-y
https://doi.org/10.1016/j.edurev.2021.100387
https://doi.org/10.1016/j.edurev.2021.100387

	The temporal dynamics of online problem-based learning: Why and when sequence matters
	Abstract
	Introduction
	Online PBL
	Theoretical grounding of PBL
	Review of related literature

	Research aims and questions
	Context: A blended PBL curriculum
	Methods
	Implementation
	Data analysis

	Results
	RQ1: The temporal dynamics of group interactions
	RQ2: The sequential patterns of students’ interactions
	Cluster 1: Argumentation triggered
	Cluster 2: Information triggered
	Cluster 3: Socially triggered
	Cluster 4: Facilitated discussions
	Sequence of sessions
	RQ3 and RQ4: Association with performance
	RQ3: Interaction types
	RQ4: Sequential patterns of interaction

	Discussion
	Limitations and future directions
	Conclusions
	Acknowledgements 
	References


