
Vol.:(0123456789)

Education and Information Technologies (2023) 28:13153–13178
https://doi.org/10.1007/s10639-023-11722-8

1 3

Exploring the interaction of cognition and emotion 
in small group collaborative discourse by Heuristic Mining 
Algorithm (HMA) and Inductive Miner Algorithm (IMA)

Wei Xu1   · Ye‑Feng Lou1 · Hang Chen2 · Zhi‑Yi Shen1

Received: 29 August 2022 / Accepted: 8 March 2023 / Published online: 24 March 2023 
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2023

Abstract
This study explored the interaction between cognition and emotion in blended col-
laborative learning. The participants (n = 30) of this study were undergraduate stu-
dents enrolled in a 16-week course on information technology teaching. These stu-
dents were divided into six groups of five people each. The behavior modes of the 
participants were analyzed using a heuristic mining algorithm and inductive miner 
algorithm. Compared with the groups with low task scores, the high-scoring groups 
exhibited more reflection phases and cycles in the interaction process and thus more 
frequent self-evaluation and regulation behavior for forethought and performance. 
Moreover, the frequency of emotion events unrelated with cognition was higher 
for the high-scoring groups than for the low-scoring groups. On the basis of the 
research results, this paper presents suggestions for developing online and offline 
blended courses.

Keywords  Collaborative learning · Distance education and online learning · Self-
regulated learning · Process mining

1  Introduction

COVID-19 has had a major influence on people’s lives and has affected education and 
teaching in colleges and universities. To maintain the continuity of the learning pro-
cess, colleges and universities have begun to rely on online platforms. Online platforms 
have been used to conduct online teaching activities, ensuring the quality of teaching 
during the COVID-19 pandemic. Blended collaborative learning is a crucial learning 
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method in online teaching. There were many researchers focuses on the learners’ 
cognitive development in blended collaborative learning (Lim & Lim, 2020; Rahimi 
& Fathi, 2021; Zheng et al., 2020), as well as the emotion development of learners 
(Volet et al., 2019; Mänty et al., 2020). During the collaborative learning, learners are 
supposed to detect the emotional states and cognition level of group members, and 
regulate their learning process and emotion to identify and address cognitive, motiva-
tional, emotional and social challenges. Regulating cognition and emotion of learners 
successfully in the collaborative learning can enhance learners’ knowledge construct, 
comprehensive learning, and critical thinking, promoting the occurrence of the cogni-
tive process and thus improving the performance of learners (Järvelä et al., 2016a, b; 
Roschelle & Teasley, 1995). Studies have identified cognition and emotion as crucial 
factors in collaborative learning and that emotion can lay the foundation for cogni-
tive development (Järvelä & Hadwin, 2013; Kreijns et al., 2013; Phielix et al., 2011). 
Therefore, this present research pays attention to the interaction of cognition and emo-
tion, which can be used as an exploration of the learning effect of learners.

Considering how regulated learning was embodied in social interaction, Molenaar 
and Chiu (2014) proposed the application of the three phases of regulated learning 
(forethought, performance and reflection) to collaborative situations. Sobocinski et al. 
(2017) integrated the concepts of cognition and emotion with the three phases of reg-
ulated learning to explore the time series of self-regulated phases and related inter-
actions in low- and high-challenge collaborative learning sessions. Blau et al. (2020) 
conducted a qualitative analysis on reflective learning diaries which could showed 
learners’ cognition to examine how cognitive, emotional and social aspects expressed 
in collaborative learning, and found that social-emotional statements could improve 
learners’ self-regulation. Lobczowski (2020) explored how collaborative learning 
environments related to social-emotional regulation, and built a new model for emo-
tion formation and regulation.

Discourse analysis is a framework and method for exploring the long-term rela-
tionship between language and social practice (Weissenrieder & Fairclough, 1997). 
Language is regarded as a social action in discourse analysis, which involves explor-
ing, identifying, and comparing the ideas, thinking, and consensus of interlocutors (De 
Liddo et al., 2011). Basing on the language and social practice of learners, which are 
contained in discourse, researchers are able to find the cognition and emotion. How-
ever, the interaction of cognition and emotion as well as the regulation process of 
learners are invisible during the collaborative learning, which led to that researchers 
are unable to understand and analysis these process. Specifically, learners themselves 
could not recognize the existence of the process and teachers could not provide sup-
ports to helping learners achieve higher performance (Järvelä et al., 2020). Therefore, 
it is urgent that advanced technology and method are needed to visualize the process. 
According to the previous researches (Uzir et al., 2020; Wong et al., 2021), process 
mining can be a suitable method to explore the learning process through discourse. 
There are various process mining algorithms aiming to discover the process model 
from the event log. The steps of the process mining can be described as follows (Wang 
et al., 2012): (1) explores event traces from event logs; (2) analyzes event traces and 
obtains ordering relations between cases; (3) builds process model with ordering rela-
tions between cases.
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This study used two algorithms in Process Mining, i.e. the inductive miner algo-
rithm and heuristic mining algorithm. Heuristic mining algorithm discovers a heuristics 
net using a probabilistic approach and is good at dealing with noise which can run fast 
(Weijters & Van der Aalst, 2003). While Nuritha and Mahendrawathi (2017) compared 
heuristic and inductive miner algorithms for their different characteristics, properties, spe-
cializations, and performances in modeling business process, and used stuctural similarity 
measurement to get the result that inductive miner algorithm obtained better performance 
in dealing with noise. The current study applied inductive miner algorithm and heuristic 
mining algorithm to explore changes in learners’ cognition and emotion over time as well 
as their interaction processes through discourse to understand their learning process in the 
context of blended collaborative learning.

2 � Research review

2.1 � Cognition and emotion in collaborative learning

The self-regulated process, which is influenced by learning goals and situational 
characteristics, is an adaptive regulation implemented by learners to promote per-
sonal development and refine learning strategies (Chen et al., 2019). During the col-
laborative learning, individual self-regulated was essential for promoting effective 
collaboration and improving academic achievement (Dindar et al., 2020). Self-reg-
ulated in collaborative learning, which refers to the regulation implemented by indi-
vidual members of a group, can be applied to research on cognition, meta-cognition, 
motivation, emotions, and behavior (Lin & Li, 2019). Thus, this study applied self-
regulated process to measure learners’ cognition development in the process of col-
laborative learning.

Self-regulated learning theory focuses on the ideas of learners and emphasizes the 
interaction of motivation, emotion, and meta-cognitive and strategic behavior in success-
ful learning, thereby translating the concept of learning into cognitive processes (Zimmer-
man & Schunk, 2011). Collaborative groups are considered as social systems that com-
prise multiple self-regulating individuals. Self-regulation involves personal adaptation, 
and responsibility for one’s learning is an important aspect of collaboration. It is worthy 
of investigation that how learners regulate their learning processes and behavior patterns 
in the collaborative learning environment (Rogat & Linnenbrink-Garcia, 2011; Sobocin-
ski et al., 2020). Some researchers had adopted temporal and sequential analysis of self-
regulated learning (SRL) data to study how self-regulated occurred in collaborative learn-
ing environment (Molenaar & Chiu, 2014).

In SRL models, scholars considered active regulation by learners to be essential 
for the successful learning of the learners (Winne & Hadwin, 2008; Zimmerman, 
2008). Regulatory activities include the acquisition of learning tasks and resources, 
the planning of learning processes, the regulation and control of learning steps, and 
the evaluation of learning results. Studies had confirmed that regulatory activities 
can promote and deepen collaborative learning (Chen et al., 2019; Lin & Li, 2019). 
As a periodic process, SRL comprises three phases: the forethought, performance, 
and reflection phases (Zimmerman, 2000).
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During the forethought phase, learning motivation and self-regulated are stimulated 
and learners engage in task analysis (including goal setting and policy planning) and self-
motivation (including developing self-efficacy beliefs, outcome expectations, intrinsic 
interest, and goal orientation) to prepare for follow-up learning. Studies had explored the 
importance of the forethought phase in learning and found that compared with other stu-
dents, students who set specific goals for learning tasks and apply previous knowledge 
adopt complex learning strategies in the performance phase. Learners’ motivation in 
the forethought phase directly or indirectly affected learning effects and learning input 
through regulatory behavior (Gong et al., 2017; Malmberg et al., 2013).

The performance phase involves self-control and self-observation during the 
learning process. The self-control process helps students focus on tasks and apply 
the most effective strategies to achieve their goals. Self-observation is guided by the 
decisions made in the forethought phase and the interpretation of a specific situation 
to regulate learning behavior. Malmberg et al. (2013) noted that during the perfor-
mance phase, students with high and low scores applied qualitatively different strat-
egies when they believed that learning tasks were difficult.

After the performance phase, self-regulation enters the reflection phase. In the reflec-
tion phase, learners self-assess the information that they have collected and reflected on 
the results obtained by regulating behavior according to the goals set during the fore-
thought phase. A learner’s reflection on experience affects their subsequent forethought 
phases, which reflects the periodicity of self-regulated. For example, after obtaining 
negative feedback on performance, learners’ self-efficacy beliefs and regulatory behav-
ior decrease, which indicates that the reflection phase affects the forethought and perfor-
mance phases of their next self-regulated cycle (Cleary et al., 2014).

Zheng et al. (2020) focused on learners’ activities in the flipped classroom and found 
that there were contradictions in the collaborative learning, which could be resolved by 
self-regulated of cognition like co-regulation or shared regulation of cognition. Lim and 
Lim (2020) examined the relationship between achievement goal orientation and co-regu-
lated which was expanded from self-regulated, and the results showed that mastering goal 
orientation played a predominant, positive role in collaborative learning environment. 
The study of Rahimi and Fathi (2021) aimed learners to co-construct and improve their 
writing performance and self-regulated through collaborative writing activities. All these 
researches showed that self-regulated which focused on cognition in collaborative learn-
ing was still important, while paid little attention to learners’ emotions.

True emotions are exhibited in collaborative learning discourse, which is in 
agreement with the definition of social presence in community inquiry (CoI) the-
ory. This theory indicates that learners exhibit social presence, which comprises the 
three dimensions of emotion, interaction, and group, online through social media 
(Rourke et  al., 1999). Bai et  al. (2016) considered the example of blended learn-
ing in a massive open online course and explored the relationships among teach-
ing presence, cognitive presence, and social presence in CoI. They found that social 
presence can significantly predict cognitive presence and that emotion can promote 
cognition. Furthermore, cognitive presence in CoI emphasizes the behaviors and 
practices of learners (Swan et al., 2008). By contrast, the current study focused on 
time series in blended collaborative learning and used self-regulated phases that can 
reflect temporal information to detect learners’ cognition.
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Social presence captures different social relationships in learning groups that can have 
significant effects on the successful and high-quality learning process (Kovanović et al., 
2016). Picciano (2019) conducted a study on the social presence, interaction, and learning 
of students enrolled in online courses and found powerful correlations among these vari-
ables. They noted significant differences in the aforementioned variables among student 
groups with varying degrees of social presence. Lan et al. (2020) researched the relation-
ships among the social presence, teaching presence, self-regulated and self-efficacy dur-
ing the blended collaborative learning and found that social presence and teaching pres-
ence can predict and influence self-efficacy, while self-efficacy can predict and influence 
self-regulated. Xu et al. (2020) examined learners’ behaviors to predict their productive 
participation identified by social presence indicators in online collaborative learning, 
showing that social presence indicators were related to meta-cognition and critical think-
ing. Thus, this study applied social presence to measure learners’ emotions in the process 
of collaborative learning.

2.2 � Process mining and interaction process

Process mining is a method used to explore event logs. The method can be used 
to obtain information, predict possible problems, identify potential countermeas-
ures, and optimise process management. Process mining achieves this by identify-
ing causes of events that would not be observable (Van der Aalst, 2016), which was 
well used in the field of medical, business, engineering and education. Educational 
process mining was developed and can be used to identify learning patterns, predict 
learning outcomes, optimise teaching assessments, inform teaching decisions, and 
improve educational management (Yan et al., 2020).

To investigate the role of self-regulated learning in acquiring technological peda-
gogical and content knowledge, Huang and Lajoie (2021) used process mining and 
analysed the log file data of teachers developing instruction plans in a computer 
environment. They discovered that excellent teachers were more likely to engage 
in self-regulated learning and more consistently sought to develop technological 
pedagogical and content knowledge. Cerezo et  al. (2020) applied Inductive Miner 
to analyze learners’ interaction traces on online platform and discovered their self-
regulation models through time-series, which showed that although passing learners 
did not follow the instructors’ suggestions exactly, they did follow the logic of a suc-
cessful self-regulated learning process as opposed to failing ones.

Process mining is a useful method for analyzing data through time-series; however, the 
process of analyzing learner ideas is complex and may involve the analysis of overlapping 
events occurring within a short time (Lee & Seng, 2017). The code-and-count methods 
used in previous studies had masked small but crucial details that may indicate the under-
standing level of an individual or a group at a particular point (Chen et al., 2017). Moreo-
ver, the understanding of discourse depends on the context, and in-depth analysis must 
be conducted for truly understanding the intentions and motivation of learners. Process 
mining focuses on the relationship between the event frequency and the event sequence, 
which may be appropriate for analyzing time series.
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The collaboration process is developed over time, and the progress of collabora-
tion is crucial to learning success. Time series can describe students’ learning activi-
ties and the practical processes of SRL (Johnson et al., 2011). The SRL process can 
be divided into two parts: the transitions between phases, such as the transition from 
the forethought phase to the reflection phase, and the sequential changing of charac-
teristics over time, such as the student learning progress from the beginning to the 
end of a course (Järvelä et al., 2016a, b). Learners’ input and the state of task com-
pletion change over time (Greene & Azevedo, 2010).

Ebrahim et al. (2020) had conducted a bibliometric analysis on research in time-
series classification, found that the research field had been broken down into three 
main categories as different frameworks of deep neural networks, different applica-
tions in remote sensing and in signal processing for time-series classification tasks. 
The third is related to the temporal analysis of education. But only a few studies 
have focused on the temporal aspects of regulated learning. These studies had identi-
fied the importance of the temporal characteristics of self-regulated in collaborative 
learning (Malmberg et al., 2017; Molenaar & Järvelä, 2014). SRL was commonly 
studied by computing the frequency of learning activities (Cleary et al., 2012), while 
the order and timing of actions were quite ignored (Winne, 2014).

Although emotion is the basis for the occurrence of cognition, few stud-
ies have temporally examined both these aspects in collaborative learning. Kapur 
(2011) believed that studying how the interaction between emotion and cognition 
changed in collaborative learning was crucial. The temporal changes in the interac-
tion between cognition and emotion are relevant in collaborative learning situations 
because in these situations, group members must respond to the challenges emerg-
ing in the collaboration process and adjust the interaction between their cognition 
and emotion (Hadwin et al., 2011; Sobocinski et al., 2017).

The quality of the learning process depends on when the learner interacts with 
learning materials, peers, and teachers. Collaborative learning in online and blended 
learning environments allows the investigation of the aforementioned aspect. In addi-
tion, time-series studies can be conducted in the field of collaborative learning (Saqr 
& Nouri, 2020). Therefore, considering the coordinate between the time-series and 
process mining technology, the current study implemented blended learning with the 
support of WeChat to understand the interaction modes of cognition and emotion in 
learners’ collaborative learning discourse on the basis of time-series data through 
the process mining. During the data collection process, interactions developed over 
time so that learning groups could achieve their common goals; therefore, interaction-
related data from learning tasks were used to examine the regulatory process.

3 � Material and methods

3.1 � Participants

The participants (N = 30; 15 female and 15 male; M = 20.6; SD = 0.49) of this study 
were undergraduate students enrolled in the aforementioned course. These students 
were divided into six groups of five people each. And we ranked the groups through 
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the collaborative learning performance. Specially, there were 10 females and 5 males 
in the high-scoring groups while 5 females and 10 males in the low-scoring groups. 
The groups were fixed throughout the collaborative learning course, and the course was 
conducted simultaneously in the same location for all the groups. WeChat was used to 
conduct and record the aforementioned course.

A 16-week course on information technology teaching contained the knowledge 
learners needed to learn, and involved six instructional design tasks and four classes 
of 45 min each. In each task, each group had to conduct instructional design on the 
basis of a certain information technology teaching method. A total of six classic teach-
ing methods were used in the six tasks, which aiming at cultivating learners’ abilities 
to apply the taught methods in instructional design. The students selected the entire 
course content and led the entire discourse, and they had to decide how to organize 
their work by themselves. Instructional design is a complex task because it requires 
students to perform activities such as browsing different textbooks, reviewing theories, 
selecting teaching and evaluation methods. Designing a lesson can be considered an 
ill-structured task that requires students to simulate the real scene, determine indepen-
dently the methods and steps required to complete a task, and find the best solutions by 
applying different solutions. Thus, compared with well-structured tasks, ill-structured 
tasks offer students more challenges and opportunities to standardize and develop their 
learning abilities (Malmberg et al., 2014; Molenaar & Järvelä, 2014).

3.2 � Research questions

A heuristic mining algorithm was used to calculate the dependency in each interaction 
between cognition and emotion (Sonnenberg & Bannert, 2015) for establishing time-
series interaction data related to collaborative learning. And an inductive miner algo-
rithm was used to explore the differences between groups with high and low task scores 
over time. The research questions are as follows:

RQ1: How do cognition and emotion interact in blended collaborative learning?
RQ2: What are the differences in and characteristics of the interaction processes of 
the high- and low-scoring groups?

3.3 � Tools

3.3.1 � Coding based on self‑regulated phases and emotion

This study collected online chatting records from each group in each collaborative 
task. The coding process for the chat data of each learner involved two phases: 
determining the self-regulated phase and the emotion, including the cognitive-
based interaction and social presence. Self-regulated phase and cognitive-based 
interaction were encoded according to the standard of Sobocinski et  al. (2017), 
and social presence was coded by the social presence dimension in the CoI model 
(Rourke et  al., 1999). Social presence captures different social relationships in 
a learning group. It comprises three dimensions, namely emotion, interaction, 
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and group, with a total of 12 sub-dimensions. The coding in this study was con-
ducted by three researchers with backgrounds in pedagogy. Appendix presents 
the coding.

3.3.2 � Analyzing the collaborative process by using inductive miner algorithm 
and heuristic mining algorithm

In this study, ProM 6.10 (Eindhoven Institute of Technology, Eindhoven, the Nether-
lands) was used for process mining.

Heuristic mining algorithm uses dependency to guide the creation of the interac-
tion process and thus describe the level of association abstraction between events 
(Sonnenberg & Bannert, 2015). The degree of dependency is influenced by the event 
frequency and event sequence. The degree of dependency ranges from - 1 to 1 and is 
calculated as follows (Weijters et al., 2006):

where fAB represents the number of times event A follows event B (the correct event 
sequence), fBA represents the number of times event B follows event A (the incorrect 
event sequence), and FAB represents the degree of dependency between events A and 
B. If a set of events contains 5 or 50 correct sequences and no incorrect sequences, 
the dependency between A and B is 5/6 = 0.83 or 50/51 = 0.98, respectively. This 
study summarized the collaborative learning interaction process for all the students 
in the six tasks through heuristic mining algorithm to show the overall learning pro-
cess, and the detailed description is in 4.3.1.

The diagram of a collaborative interaction process built by heuristic mining algo-
rithm represents event blocks, connection arcs, and the dependency, as shown in 
Fig. 1. A connection arc connects two sequential event blocks. An arrow (i.e., the 
end point of a connection arc) points to the next event, which can show the time-
series, and the dependency is indicated to suggest the degree of sequential associa-
tion of the two event blocks. An event block indicates the frequency and type of an 
event. On the basis of the coded discourse data, the event block types considered in 
this study comprised self-regulated phases, cognition and emotion.

Inductive miner algorithm is rarely used in the field of education, however, 
when researchers need to reproduce the complete learning process and discover 
the behavior characteristics of extreme or small groups, this algorithm would have 
the high application value (Xu et al., 2022), which is suitable for the current study 
of 30 participants. Inductive miner algorithm mines the process tree of the event 
log with guaranteed fitness and contains unique behaviors (Leemans et al., 2018). 
There is also inductive visual miner which is a process exploration tool that 
shows an annotated interactive model for quick exploration of logs (Bolt et  al., 
2016). Some studies applied inductive miner to discover e-learning processes and 
students’ self-regulated models that contribute to improving the instructional pro-
cess (Bogarín et al., 2018; Cerezo et al., 2020). In order to better analysis the dif-
ferences between the high- and low-scoring groups in collaborative learning, this 
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study identified the interaction processes according to the time sequence of each 
task for these groups through inductive miner algorithm, and the detailed descrip-
tion is in 4.3.2 and 4.3.3.

Event Start

Event A

Event B

Event End

Event C

Event D

Fig. 1   The example diagram of heuristic mining algorithm
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The model built by inductive miner algorithm represents boxes, arrows, fre-
quency, and diamonds with a cross and begins with an initial node in green and 
ends with a final node in red. The numbers close to the initial node and the final 
node are the numbers of cases, such as the number of learners. The boxes are 
the events carried out by the learners where the number is the frequency. The 
arrows indicate the direction of the process, the number above the arrows is the 
frequency of the events, which can show the time-series of the events. The dia-
monds with a cross represent parallel paths, and the crossroad without any label 
on it represent forked paths. The example diagram of inductive miner algorithm 
is shown as Fig. 2.

3.4 � Design framework

This study mainly involved three tasks: (1) collecting, sorting, and coding dis-
course data for collaborative learning; (2) applying a heuristic mining algorithm 
for overall process mining; and (3) applying a inductive miner algorithm for pro-
cess mining of each task in different groups. Figure 3 displays the overall study 
design framework.

4 � Data analysis and results

4.1 � Consistency analysis

Time-series discourse data were collected in this study of each group in each task. 
Firstly, two encoders identified the self-regulated phase, cognition, and emotion 
in the discourse data. The Cronbach’s alpha value of the coding was 0.967 greater 
than 0.9, which indicated that the coding consistency was satisfactory. Finally, 

Event AEvent A

Event BEvent B

Event CEvent C

Fig. 2   The example diagram of inductive miner algorithm
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the third encoder proofread and recoded ambiguous codes to increase the coding 
accuracy.

4.2 � Discourse and interaction in collaboration learning

The six groups were ranked according to the collaborative learning performance 
of each group member. The first three groups were high-scoring groups, and the 
remaining three groups were low-scoring groups. The discourse data included 
information on the group, task, time, member, self-regulated phase, cognitive-
based interaction, and social presence. Table  1 presents an example of coded 
discourse data, which was manually combed and encoded from WeChat chatting 
data.

The tasks were conducted successively on different days. In Table 1, the num-
bers in the member column represent the groups and code numbers of certain 
members; for example, “1–2” refers to the second member of the first group. 
The coding numbers of the members depended on the order in which they first 
appeared in the discourse. The coding methods adopted for the self-regulated 
phase, cognition, and emotion in Table  1 were consistent with those adopted 
for the self-regulated phases, cognitive-based interaction, and social presence 
in Appendix. Social presence comprises three dimensions, and each dimension 
would contain several sub-dimensions.

This study combined the self-regulated phase, cognitive-based interaction, 
and social presence to determine the interaction modes of cognition and emotion 
in blended collaborative learning. Table  2 lists the absolute frequency, relative 

Event Start

Event A

Event B

Event End

Event C

Event D

Event Start

Event A

Event B

Event End

Event C

Event D

Event A

Event B

Event C

Event A

Event B

Event C

Fig. 3   Overall study design framework
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frequency, minimum value, minimum value, mean value, and standard deviation (for 
the high- and low-scoring groups) for each interactive mode.

Table 2 reveals eight modes of interaction between cognition and emotion; how-
ever, no interaction was noted between the reflection phase and emotion. Compared 
with the low-scoring groups, the event frequencies of the forethought and reflec-
tion phases were significantly higher. By contrast, the event frequency of the perfor-
mance phase was higher in the low-scoring groups. In general, the forethought and 
performance phases accounted for large proportions of the learning events for the 
high- and low-scoring groups. The reflection phase accounted for a small propor-
tion of the learning events for these groups. In the forethought phase, the interac-
tion between cognition and emotion was significantly stronger among the high-scor-
ing groups than that among the low-scoring groups; however, in the performance 
phase, the frequency of cognition events was significantly higher for the low-scoring 
groups than for the high-scoring groups. Nevertheless, a t test exhibited no signifi-
cant difference (p > 0.05) in any event between the high- and low-scoring groups in 
the collaborative learning discourse.

4.3 � Time‑series data on the interaction process

4.3.1 � Collaborative learning interaction process of all students in the six tasks

Through heuristic mining algorithm, Fig. 4 illustrates the interaction process of col-
laborative learning over the entire course in this study. The discourse data comprised 
information on 2256 discourse events for the six tasks and groups. The fitness value 
of the process diagram, which can range from negative infinity to 1, was 0.749 in 
this study. The closer this value is to 1, the higher is the fitness between the pro-
cess diagram and the data. The process diagram includes event blocks, connection 
arcs, dependency, and central paths. The event blocks include the interaction modes 
of cognition and emotion and the event frequency. A connection arc connects two 
event blocks that occur successively and identifies the dependency between them. 
The central path is the event path with the highest dependency.

Multiple paths existed throughout the collaborative learning interaction process. 
The central path was “Start → FORE | COG | EMO→ PERF | COG | EMO → End,” 
which is represented in Fig. 4. The input and output frequencies of the events were 

Table 1   Example of coded 
discourse data

Group Task Time Member self-
regulated 
phase

Cognition Emotion

6 1 8:33:59 6–2 1 1 1
6 1 8:34:09 6–3 1 1 1
6 1 8:37:47 6–1 1 1 0
6 1 8:39:09 6–4 1 1 1
6 1 9:11:06 6–2 1 1 1
6 1 9:11:29 6–4 1 1 1



13165

1 3

Education and Information Technologies (2023) 28:13153–13178	

Ta
bl

e 
2  

F
re

qu
en

cy
 o

f t
he

 h
ig

h-
 a

nd
 lo

w
-s

co
rin

g 
gr

ou
ps

C
O

G
 c

og
ni

tio
n,

 E
M

O
 e

m
ot

io
n,

 F
O

RE
 fo

re
th

ou
gh

t p
ha

se
, P

ER
F 

pe
rfo

rm
an

ce
 p

ha
se

, R
EF

L 
re

fle
ct

io
n 

ph
as

e

Ty
pe

 o
f e

ve
nt

Lo
w

H
ig

h

A
bs

ol
ut

e 
fr

eq
ue

nc
y

Re
la

tiv
e 

fr
eq

ue
nc

y
M

in
M

ax
M

ea
n

SD
A

bs
ol

ut
e 

fr
eq

ue
nc

y
Re

la
tiv

e 
fr

eq
ue

nc
y

M
in

M
ax

M
ea

n
SD

Fo
re

th
ou

gh
t p

ha
se

25
2

28
.4

7%
4

35
14

8.
53

4
53

5
39

.0
2%

0
78

29
.7

2
23

.7
58

FO
R

E|
CO

G
27

3.
05

%
0

5
1.

5
1.

50
5

57
4.

16
%

0
11

3.
17

3.
25

8
FO

R
E|

EM
O

9
1.

02
%

0
6

0.
5

1.
54

3
27

1.
97

%
0

19
1.

5
4.

47
5

FO
R

E|
CO

G
|E

M
O

21
6

24
.4

1%
3

33
12

8.
49

2
45

1
32

.9
0%

0
63

25
.0

6
19

.8
33

Pe
rfo

rm
an

ce
 p

ha
se

61
8

69
.8

3%
3

74
34

.3
3

22
.9

27
76

4
55

.7
3%

5
94

42
.4

4
28

.3
47

PE
R

F|
CO

G
23

8
26

.8
9%

3
32

13
.2

2
8.

92
2

21
8

15
.9

0%
2

27
12

.1
1

7.
73

PE
R

F|
EM

O
10

1.
13

%
0

5
0.

56
1.

33
8

18
1.

31
%

0
10

1
2.

93
1

PE
R

F|
CO

G
|E

M
O

37
0

41
.8

1%
0

53
20

.5
6

19
.4

73
52

8
38

.5
1%

1
75

29
.3

3
24

.0
71

Re
fle

ct
io

n 
ph

as
e

15
1.

69
%

0
5

0.
83

1.
29

5
72

5.
25

%
0

21
4

4.
81

4
R

EF
L|

CO
G

1
0.

11
%

0
1

0.
06

0.
23

6
5

0.
36

%
0

2
0.

28
0.

57
5

R
EF

L|
CO

G
|E

M
O

14
1.

58
%

0
5

0.
78

1.
26

3
67

4.
89

%
0

21
3.

72
4.

83
6

To
ta

l
88

5
13

71



13166	 Education and Information Technologies (2023) 28:13153–13178

1 3

2256 and 2144, respectively. Because of the sequence between some events was 
incompatible with the process diagram, the data for these events were eliminated; 
therefore, the output event frequency was less than the input event frequency. The 
presence of a loop inside an event block in the process diagram indicates that the 
relevant event occurred several times successively.

4.3.2 � Collaborative learning interaction process of the high‑scoring groups in the six 
tasks

The result of Cerezo et al. (2020) showed that the visualization of learning path in 
all learners cannot represented as a process but as a collection of actions, so it is 
necessary to analyze six tasks respectively to show a more structured learning pro-
cess. The interaction processes for Tasks I–VI of the high-scoring groups are dis-
played in Fig. 5a-f.

For Task I, the fitness values of the process diagram as shown in Fig. 5a is 0.98, 
and the path with high-frequency extends from the interaction between cognition 
and emotion in the forethought phase to the end. Moreover, low-frequency parallel 
paths go through cognition, emotion or the interaction between cognition and emo-
tion in the forethought phase, the performance phase and reflection phase.

For Task II, the fitness values of the process diagram as shown in Fig. 5b is 0.968, 
and the path with high-frequency is consistent with that in Task I. The events in the 
path with low-frequency are observed focusing on the interaction between cognition 
and emotion in the performance phase and the reflection phase.

For Task III, the fitness values of the process diagram as shown in Fig.  5c is 
0.962, and the path with high-frequency is consistent with that in Task I and Task 

Fig. 4   Collaborative learning interaction process for all the students in the six tasks
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 5   Interaction processes of the high-scoring groups in the six tasks
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II. A low-frequency path is observed starting from the interaction between cognition 
and emotion in the reflection phase to cognition in the forethought phase developing 
to the performance phase and then to the interaction between cognition and emotion 
in the performance phase.

For Task IV, the fitness values of the process diagram as shown in Fig.  5d is 
0.984, and the parallel events with high-frequency look like a collection of actions 
while focusing on the interaction between cognition and emotion in the forethought 
phase and performance phase. Moreover, a cycle of low-frequency is observed going 
through cognition in the forethought phase and reflection phase at the bottom of the 
Fig. 5d. The learning paths go through emotion in the performance phase to the end.

For Task V, the fitness values of the process diagram as shown in Fig. 5e is 0.87, and 
the path with high-frequency extends from the interaction between cognition and emotion 
in the forethought phase with other two parallel events to cognition in the reflection phase 
and then to the interaction between cognition and emotion in the performance phase.

For Task VI, the fitness values of the process diagram as shown in Fig. 5f is 0.962, 
and the path with high-frequency is observed starting from emotion to cognition in 
the performance phase with several parallel paths. Moreover, emotion and cognition 
in the forethought phase with low-frequency are observed at the beginning.

4.3.3 � Collaborative learning interaction process of the low‑scoring groups in the six 
tasks

Figure 6a-f illustrates the interaction processes for Tasks I–VI for the low-scoring groups.
For Task I, the fitness values of the process diagram as shown in Fig. 6a is 0.945, 

and the paths with high-frequency are observed between three parallel events, that is 
the interaction between cognition and emotion in the forethought phase, the interac-
tion between cognition and emotion in the performance phase and cognition in the 
performance phase.

For Task II, the fitness values of the process diagram as shown in Fig. 6b is 0.974, 
and the path with high-frequency extends from the interaction between cognition 
and emotion in the forethought phase while turn back with a cognition event. Two 
parallel paths are both observed in the performance phase.

For Task III, the fitness values of the process diagram as shown in Fig.  6c is 
0.803, and the path with high-frequency is consistent with that in Task II. Moreo-
ver, an interaction between cognition and emotion in the reflection phase with low-
frequency in one parallel path is observed before the end.

For Task IV, the fitness values of the process diagram as shown in Fig.  6d is 
0.885, and the path with high-frequency starts from the interaction between cogni-
tion and emotion in the forethought phase with parallel paths, and then extends to 
the interaction between cognition and emotion in the performance phase. Moreover, 
cognition in the forethought phase with low-frequency is observed at the beginning.

For Task V, the fitness values of the process diagram as shown in Fig.  6e is 
0.87, and the paths with high-frequency are observed starting from the interaction 
between cognition and emotion in the forethought phase and then developing to 
the performance phase. The cognition in the forethought phase with low-frequency 
observed at the beginning is consistent with that in Task IV.
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For Task VI, the fitness values of the process diagram as shown in Fig. 6f is 0.93, 
and there are two parallel paths with almost the same frequency. One path extends 
from the interaction between cognition and emotion in the forethought phase to the 
end. The other path extends from cognition in the performance phase with cognition 
in the forethought phase at the beginning, events in the reflection phase during and 
the interaction between cognition and emotion in the performance phase before the 
end in low-frequency.

(A)

(B)

(C)

(D)

(E)

(F)

Fig. 6   Interaction processes of the low-scoring groups in the six tasks
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5 � Discussion

The purposes of this study were to explore the interaction between cognition and 
emotion in the self-regulated phases in the blended collaborative learning and to 
examine the differences in this interaction between groups with high and low task 
scores. A comparison was conducted on the frequency of the collaborative learning 
events between the high- and low-scoring groups. This comparison indicated that 
the high-scoring groups exhibited more forethought and reflection phases than did 
the low-scoring groups. The interaction between cognition and emotion in the fore-
thought phase enabled the students to apply complex learning strategies during the 
performance phase (Malmberg et al., 2013). Moreover, the reflection phase affected 
the learners’ next forethought phase (Zimmerman, 2000). The tasks selected in this 
study were ill-structured and difficult tasks; thus, qualitative differences were noted 
between the strategies used by the high- and low-scoring groups during the perfor-
mance phase (Malmberg et al., 2013).

The frequency of the interaction modes of emotion was significantly higher for 
the high-scoring students than for the low-scoring students, which is consistent with 
the discovery of Picciano (2019). Picciano divided students into groups with low-, 
middle- and high-level social presence and found that students with high-level social 
presence obtained higher task scores than did those with low-level social presence. 
No statistically significant differences were found in the collaborative learning dis-
course between the high- and low-scoring groups; however, differences were noted 
in the interaction processes of these groups. The aforementioned results indicate 
that no differences existed in the frequencies of the different self-regulated phases 
between the high- and low-scoring groups; however, the time series of these pro-
cesses were different for these groups (Kapur, 2011).

The results indicate that the interaction processes of the high-scoring students had a 
higher number of cycles and branches than did those of the low-scoring students. Most 
of the interaction processes of the low-scoring students were linear. Thus, compared 
with the low-scoring groups, the high-scoring groups used more regulated learning 
strategies and regulation circuits (i.e., cycles in the interaction process that show the 
self-regulation of learners) in collaborative learning to achieve learning goals. How-
ever, the interaction sequence of the aforementioned groups mostly conformed to the 
periodicity of the self-regulated phase. This sequence was as follows: forethought, 
performance, and then reflection. Moreover, repeated cycles were observed from fore-
thought to performance, which is consistent with the results of scholars such as Mole-
naar and Järvelä (2014) and Sobocinski et al. (2017). This finding shows that the cog-
nition of learners is developing through the interaction in collaborative learning.

The events occurring in a group influence the construction of branches and cycles 
in the interaction processes. Therefore, in order to better analyzing the changes in 
the interaction processes of the high- and low-scoring groups with the progres-
sion of the task sequence, this study selected the interaction processes of one high-
scoring group and one low-scoring groups in the early, middle, and late phases of 
the course to represent the typical interaction modes. The interaction processes 
of the selected high-scoring group is displayed in Fig.  7. As illustrated in Fig.  7, 
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the interaction process of the selected high-scoring group was linear in the early 
stage of the course; however, with the advancement of the course and an increase in 
task-related experience, the interaction process exhibited cycles of forethought and 
reflection, which indicates that learners adapt according to their learning progress. 
Moreover, an increase in the interaction between cognition and emotion was noted 
with the progression of the task sequence, which contradicts the conclusions of Sob-
ocinski et al. (2017), who reported that cognitive activities were the main events in 
each learning phase. Therefore, the results of this study indicated that the interaction 
between cognition and emotion changed with learning progress.

Figure 8 displays the interaction processes of the selected low-scoring group. No dif-
ference was noted between the interaction modes of the selected high- and low-scoring 
groups at the beginning of the course. In the middle of the course, the low-scoring group 
still exhibited a linear interaction process; however, the number of interaction modes 
began to increase, and these modes adhered to the periodic order of the self-regulated 
phase. Similar to the high-scoring group, the low-scoring group exhibited a cyclic interac-
tion process and the reflection phase in the late phase of the course; however, the reflec-
tion phase was less frequent for the low-scoring group than for the high-scoring group.

A comparison of the interaction processes of the selected high- and low-scoring 
groups indicated that the learning processes of the low-scoring group comprised more 
interaction modes but fewer cycles and branches than did those of the high-scoring 
group. The interaction modes of the high-scoring group were relatively fixed, and 
cycles appeared earlier in the interaction process of the high-scoring group than in that 
of the low-scoring group. The low-scoring group switched their interaction modes fre-
quently and engaged in over-regulation, which led to increased cognitive load, which 
in turn worsened their learning outcomes. The high-scoring group worked through 

Fig. 7   Interaction processes of the selected high-scoring group
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several learning tasks to develop common cognition and find the main central path 
quickly. However, the low-scoring group found it difficult to develop common cogni-
tion in the learning process; therefore, they constantly explored possible new learning 
paths, which led to an increase in the number of interaction modes.

Finally, the results obtained for the proportions of the self-regulated phases indicated 
that for the high-scoring groups, the proportion of the performance phase gradually 
increased in the late phase of the course. This result was probably obtained because task 
difficulty decreases for learners as they receive training. Hadwin et al. (2011) believed 
that regulation occurs only when needed; therefore, as the difficulty of a task decreases, 
the team becomes increasingly focused on performing the task. For low awareness of task 
challenges or weak learning motivation, only limited changes occurred in the self-regu-
lated phase of the low-scoring groups in the beginning and middle phases of the course.

The reflection phase exhibited the highest proportion among the phases in Task 
VI for the high- and low-scoring groups. In the late phase of a course, learners had 
accumulated certain learning experience and can better reflect and self-evaluate 
for a task. However, overall, the reflection phase had a relatively low proportion. 
The increasing trend of the reflection phase proportion is consistent with the find-
ings of Ye and Pennisi (2022), who found that regulation and reflection were one 
of the most common SRL activities after finishing the learning tasks. This study 
explored the self-regulated phases of a learning task in which forethought- and 
performance-related processes had to be performed. The learners’ regulation behav-
iors changed after the forethought or performance phases, which can be considered 

Fig. 8   Interaction processes of the selected low-scoring group
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a representation of reflection behavior. The data in this study were obtained from 
synchronous online discourse, and face-to-face oral discourse was ignored; thus, the 
proportion of the reflection phase was not high.

6 � Conclusions

This study explored the interaction between cognition and emotion in blended col-
laborative learning. It investigated the learning process by using time-series data 
on synchronous online discourse and examined how cognition and emotion inter-
act. This study also compared the characteristics of the interaction processes of 
groups with high and low task scores. This paper provides methods for understand-
ing collaborative learning and presents suggestions for developing online and offline 
blended courses.

First, the interaction process of high-scoring groups exhibits three sequen-
tial self-regulated phases, and a relatively complete interaction between cognition 
and emotion occurs in each self-regulated phase. Moreover, the interaction mode 
of high-scoring groups is relatively fixed. By comparison, the interaction between 
cognition and emotion was insufficient for low-scoring groups. Moreover, the inter-
action mode of low-scoring groups was complex and variable. Therefore, teachers 
should play the role of guides in blended collaborative learning, pay attention to the 
interaction mode of learners, promote the association between learning content and 
students’ social behaviors, help learners reduce their cognitive load, and improve 
learners’ learning efficiency.

Second, compared with low-scoring groups, high-scoring groups exhibited more 
reflection phases and cycles in the interaction process and thus more frequent self-
evaluation and regulation behavior for forethought and performance. Therefore, in 
the instructional design of a course, the feedback and evaluation setting throughout 
the course should be focused on. Moreover, teachers should focus on process evalu-
ation and the combination of various evaluation methods, including self-evaluation 
and mutual evaluation.

Third, the frequency of emotion events unrelated with cognition was higher for 
high-scoring groups than for low-scoring groups; thus, when teaching, teachers 
should focus on the emotional attitude of learners. Irrelevant content, such as the 
expression of emotional behavior, can help relieve dullness in the learning process 
and thus lead to a positive influence on learners’ learning outcomes.

This study has certain limitations. This study only examined the learning process 
and did not consider the preparation before the class and the summarization process 
after the class. The offline face-to-face discourse between learners was also not con-
sidered. The interaction process of cognitive and emotional is affected by cognition 
and motivation, and learners’ learning ability also affect their enthusiasm for regu-
lating learning (Gong et al., 2017; Malmberg et al., 2013), namely intrinsic differ-
ences among learners are unavoidable, and thus have an impact on research results.

Future research can explore the interaction between the cognition and emotion of 
learners during different periods in settings that are not limited to online discourse. 
Additional behavioral data can be collected for learners through various methods. 
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Moreover, in-depth analysis can be conducted to promote the creation of well-
designed courses in universities. In the teaching process, according to the difference 
between the low- and high-scoring groups, appropriate teaching intervention can be 
given to promote the interaction of cognitive and emotional in low-scoring groups or 
change their learning path, and the effectiveness of the teaching intervention can be 
tested by pre- and post-test.

Acknowledgments  This work was supported the financial supports by National Science Foundation 
Youth Foundation of China “Research on Supporting Mechanism and Model Construction of Process 
Mining Technology for Teaching Decision-making in Online Sharing Regulation” Grant/Award Num-
ber: 62207026 and Higher Education “Fourteen Fifth” Teaching Reform Project in Zhejiang Province 
“Research and practice on the reform of evidence-based performance evaluation of AI technology” 
Grant/Award Number: jg20220101.

Author contributions  Wei Xu and Ye-Feng Lou designed and carried out the research and conducted the 
data analysis and summary. Hang Chen and Zhi-Yi Shen conducted the research, and participated in the 
data analysis. All authors contributed to the article and approved the submitted version.

Funding  This work was supported by the [National Science Foundation Youth Foundation] under [Grant 
number 62207026], and the [Higher Education “Fourteen Fifth” Teaching Reform Project in Zhejiang 
Province] under [Grant number jg20220101]

Data availability  The database generated for this study is available upon request to the corresponding 
author.

Declarations 

Ethics approval  This study was carried out without ethics issue.

Consent to participate  All participants gave their consent for participation.

Consent for publication  All authors gave their consent for publication.

Competing interests  The authors have no relevant financial or non-financial interests to disclose.

Conflict of interest  The authors declare no conflicts of interest.

References

Bai, X., Ma, H., & Wu, H. (2016). Relationships among teaching, cognitive and social presence in a 
MOOC-based blended course. Open Education Research, 22(4), 71–78. https://​doi.​org/​10.​13966/j.​
cnki.​kfjyyj.​2016.​04.​009

Blau, I., Shamir-Inbal, T., & Avdiel, O. (2020). How does the pedagogical design of a technology-
enhanced collaborative academic course promote digital literacies, self-regulation, and perceived 
learning of students? The Internet and Higher Education, 45, 100722. https://​doi.​org/​10.​1016/j.​ihe-
duc.​2019.​100722

Bogarín, A., Cerezo, R., & Romero, C. (2018). Discovering learning processes using inductive miner: 
A case study with learning management systems (LMSs). Psicothema, 30(3), 322–329. https://​
doi.​org/​10.​7334/​psico​thema​2018.​116

Bolt, A., de Leoni, M., & van der Aalst, W. M. P. (2016). Scientific workflows for process mining: 
Building blocks, scenarios, and implementation. International Journal on Software Tools for 
Technology Transfer, 18(6), 607–628. https://​doi.​org/​10.​1007/​s10009-​015-​0399-5

https://doi.org/10.13966/j.cnki.kfjyyj.2016.04.009
https://doi.org/10.13966/j.cnki.kfjyyj.2016.04.009
https://doi.org/10.1016/j.iheduc.2019.100722
https://doi.org/10.1016/j.iheduc.2019.100722
https://doi.org/10.7334/psicothema2018.116
https://doi.org/10.7334/psicothema2018.116
https://doi.org/10.1007/s10009-015-0399-5


13175

1 3

Education and Information Technologies (2023) 28:13153–13178	

Cerezo, R., Bogarín, A., Esteban, M., & Romero, C. (2020). Process mining for self-regulated learn-
ing assessment in E-learning. Journal of Computing in Higher Education, 32(1), 74–88. https://​
doi.​org/​10.​1007/​s12528-​019-​09225-y

Chen, B., Knight, S., & Wise, A.F. (2017). Time for change: Why learning analytics needs temporal 
analysis. Journal of Learning Analytics, 4(3), 7–17. https://​doi.​org/​10.​18608/​jla.​2017.​43.2

Chen, X., Luo, C., & Zhang, J. (2019). Shared regulation: A new research and practice framework for 
collaborative learning. Journal of Distance Education, 37(1), 62–71. https://​doi.​org/​10.​15881/j.​
cnki.​cn33-​1304/​g4.​2019.​01.​006

Cleary, T. J., Callan, G. L., & Zimmerman, B. J. (2012). Assessing self-regulation as a cyclical, con-
text-specific phenomenon: Overview and analysis of SRL microanalytic protocols. Education 
Research International, 2012(2090–4002), 1–19. https://​doi.​org/​10.​1155/​2012/​428639

Cleary, T. J., Dong, T., & Artino, A. R. (2014). Examining shifts in medical students’ microana-
lytic motivation beliefs and regulatory processes during a diagnostic reasoning task. Advances 
in Health Sciences Education: Theory and Practice, 20(3), 611–626. https://​doi.​org/​10.​1007/​
s10459-​014-​9549-x

De Liddo, A., Shum, S., Quinto, I., Bachler, M., & Cannavacciuolo, L. (2011). Discourse-centric 
learning analytics. ACM, 21(9), 23–33. https://​doi.​org/​10.​1145/​20901​16.​20901​20

Dindar, M., Malmberg, J., Jaervelae, S., Haataja, E., & Kirschner, P. A. (2020). Matching self-reports 
with electrodermal activity data: Investigating temporal changes in self-regulated learning. Educa-
tion and Information Technologies, 25(3), 1785–1802. https://​doi.​org/​10.​1007/​s10639-​019-​10059-5

Ebrahim, S. A., Poshtan, J., Jamali, S. M., & Ebrahim, N. A. (2020). Quantitative and qualitative analysis 
of time-series classification using deep learning. IEEE Access, 8, 90202–90215. https://​doi.​org/​10.​
1109/​ACCESS.​2020.​29935​38

Gong, S., Wang, Z., Yuan, X., & Fan, Y. (2017). The relationships among motivational beliefs, moti-
vational regulation and learning engagement in blended learning environment. Open Education 
Research, 23(1), 84–92. https://​doi.​org/​10.​13966/j.​cnki.​kfjyyj.​2017.​01.​010

Greene, J. A., & Azevedo, R. (2010). The measurement of learners’ self-regulated cognitive and meta-
cognitive processes while using computer-based learning environments. Educational Psychologist, 
45(4), 203–209. https://​doi.​org/​10.​1080/​00461​520.​2010.​515935

Hadwin, A. F., Järvelä, S., & Miller, M. (2011). Self-regulated, co-regulated, and socially shared regula-
tion of learning. In B. H. Schunk & B. Zimmerman (Eds.), Handbook of self-regulation of learning 
and performance (pp. 65–84). Routledge.

Huang, L., & Lajoie, S. P. (2021). Process analysis of teachers’ self-regulated learning patterns in techno-
logical pedagogical content knowledge development. Computers & Education, 166, 104169. https://​
doi.​org/​10.​1016/j.​compe​du.​2021.​104169

Järvelä, S., & Hadwin, A. F. (2013). New frontiers: Regulating learning in CSCL. Educational Psycholo-
gist, 48(1), 25–39. https://​doi.​org/​10.​1080/​00461​520.​2012.​748006

Järvelä, S., Järvenoja, H., Malmberg, J., Isohätälä, J., & Sobocinski, M. (2016a). How do types of interac-
tion and phases of self-regulated learning set a stage for collaborative engagement? Learning and 
Instruction, 43, 39–51. https://​doi.​org/​10.​1016/j.​learn​instr​uc.​2016.​01.​005

Järvelä, S., Malmberg, J., & Koivuniemi, M. (2016b). Recognizing socially shared regulation by using 
the temporal sequences of online chat and logs in CSCL. Learning and Instruction, 42, 1–11. 
https://​doi.​org/​10.​1016/j.​learn​instr​uc.​2015.​10.​006

Järvelä, S., Gašević, G., Seppänen, T., Pechenizkiy, M., & Kirschner, P. A. (2020). Bridging learning 
sciences, machine learning and affective computing for understanding cognition and affect in col-
laborative learning. British Journal of Educational Technology, 51(6), 2391–2406. https://​doi.​org/​
10.​1111/​bjet.​12917

Johnson, A. M., Azevedo, R., & D’Mello, S. K. (2011). The temporal and dynamic nature of self-reg-
ulatory processes during independent and externally assisted hypermedia learning. Cognition and 
Instruction, 29(4), 471–504. https://​doi.​org/​10.​1080/​07370​008.​2011.​610244

Kapur, M. (2011). Temporality matters: Advancing a method for analyzing problem-solving processes 
in a computer-supported collaborative environment. International Journal of Computer-Supported 
Collaborative Learning, 6(1), 39–56. https://​doi.​org/​10.​1007/​s11412-​011-​9109-9

Kovanović, V., Joksimović, S., Waters, Z., Gašević, D., Kitto, K., Hatala, M., & Siemens, G. (2016). 
Towards automated content analysis of discussion transcripts. Learning Analytics & Knowledge, 
25(4), 15–24. https://​doi.​org/​10.​1145/​28838​51.​28839​50

https://doi.org/10.1007/s12528-019-09225-y
https://doi.org/10.1007/s12528-019-09225-y
https://doi.org/10.18608/jla.2017.43.2
https://doi.org/10.15881/j.cnki.cn33-1304/g4.2019.01.006
https://doi.org/10.15881/j.cnki.cn33-1304/g4.2019.01.006
https://doi.org/10.1155/2012/428639
https://doi.org/10.1007/s10459-014-9549-x
https://doi.org/10.1007/s10459-014-9549-x
https://doi.org/10.1145/2090116.2090120
https://doi.org/10.1007/s10639-019-10059-5
https://doi.org/10.1109/ACCESS.2020.2993538
https://doi.org/10.1109/ACCESS.2020.2993538
https://doi.org/10.13966/j.cnki.kfjyyj.2017.01.010
https://doi.org/10.1080/00461520.2010.515935
https://doi.org/10.1016/j.compedu.2021.104169
https://doi.org/10.1016/j.compedu.2021.104169
https://doi.org/10.1080/00461520.2012.748006
https://doi.org/10.1016/j.learninstruc.2016.01.005
https://doi.org/10.1016/j.learninstruc.2015.10.006
https://doi.org/10.1111/bjet.12917
https://doi.org/10.1111/bjet.12917
https://doi.org/10.1080/07370008.2011.610244
https://doi.org/10.1007/s11412-011-9109-9
https://doi.org/10.1145/2883851.2883950


13176	 Education and Information Technologies (2023) 28:13153–13178

1 3

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/​00461​520.​2012.​
750225

Lan, G., Zhong, Q., Guo, Q., & Kong, X. (2020). Research on the relationship among self-efficacy, self-
regulated learning and community of inquiry model—Based on blended learning in online learning 
space. China Educational Technology, 1(12), 44–54.

Lee, A., & Seng, C. T. (2017). Temporal analytics with discourse analysis: Tracing ideas and impact on 
communal discourse. ACM, 3(13), 1–8. https://​doi.​org/​10.​1145/​30273​85.​30273​86

Leemans, S. J. J., Fahland, D., & van der Aalst, W. M. P. (2018). Scalable process discovery and con-
formance checking. Software and Systems Modeling, 17(2), 599–631. https://​doi.​org/​10.​1007/​
s10270-​016-​0545-x

Lim, J. Y., & Lim, K. Y. (2020). Co-regulation in collaborative learning: Grounded in achievement goal 
theory. International Journal of Educational Research, 103, 101621. https://​doi.​org/​10.​1016/j.​ijer.​
2020.​101621

Lin, Y., & Li, J. (2019). Theory and enlightenment of social regulation learning. Distance Education in 
China, 2, 85–91. https://​doi.​org/​10.​13541/j.​cnki.​china​de.​20181​115.​007

Lobczowski, N. G. (2020). Bridging gaps and moving forward: Building a new model for socioemotional 
formation and regulation. Educational Psychologist, 55(2), 53–68. https://​doi.​org/​10.​1080/​00461​
520.​2019.​16700​64

Malmberg, J., Järvenoja, H., & Järvelä, S. (2013). Patterns in elementary school students’ strategic 
actions in varying learning situations. Instructional Science, 41(5), 933–954. https://​doi.​org/​10.​
1007/​s11251-​012-​9262-1

Malmberg, J., Järvelä, S., & Kirschner, P. A. (2014). Elementary school students’ strategic learn-
ing: Does task-type matter? Metacognition and Learning, 9(2), 113–136. https://​doi.​org/​10.​1007/​
s11409-​013-​9108-5

Malmberg, J., Järvelä, S., & Järvenoja, H. (2017). Capturing temporal and sequential patterns of self-, 
co-, and socially shared regulation in the context of collaborative learning. Contemporary Educa-
tional Psychology, 49, 160–174. https://​doi.​org/​10.​1016/j.​cedps​ych.​2017.​01.​009

Mänty, K., Järvenoja, H., & Törmänen, T. (2020). Socio-emotional interaction in collaborative learn-
ing: Combining individual emotional experiences and group-level emotion regulation. International 
Journal of Educational Research, 102, 101589. https://​doi.​org/​10.​1016/j.​ijer.​2020.​101589

Molenaar, I., & Chiu, M. M. (2014). Dissecting sequences of regulation and cognition: Statistical dis-
course analysis of primary school children’s collaborative learning. Metacognition and Learning, 
9(2), 137–160. https://​doi.​org/​10.​1007/​s11409-​013-​9105-8

Molenaar, I., & Järvelä, S. (2014). Sequential and temporal characteristics of self and socially regulated 
learning. Metacognition and Learning, 9(2), 75–85. https://​doi.​org/​10.​1007/​s11409-​014-​9114-2

Nuritha, I., & Mahendrawathi, E. R. (2017). Structural similarity measurement of business process model 
to compare heuristic and inductive miner algorithms performance in dealing with noise. Procedia 
Computer Science, 124, 255–263. https://​doi.​org/​10.​1016/j.​procs.​2017.​12.​154

Phielix, C., Prins, F. J., Kirschner, P. A., Erkens, G., & Jaspers, J. (2011). Group awareness of social and 
cognitive performance in a CSCL environment: Effects of a peer feedback and reflection tool. Com-
puters in Human Behavior, 27(3), 1087–1102. https://​doi.​org/​10.​1016/j.​chb.​2010.​06.​024

Picciano, A. G. (2019). Beyond student perceptions: Issues of interaction, presence, and performance 
in an online course. Journal of Asynchronous Learning Networks, 6(1), 21–40. https://​doi.​org/​10.​
24059/​olj.​v6i1.​1870

Rahimi, M., & Fathi, J. (2021). Exploring the impact of wiki-mediated collaborative writing on EFL 
students’ writing performance, writing self-regulation, and writing self-efficacy: A mixed methods 
study. Computer Assisted Language Learning, 1, 1–48. https://​doi.​org/​10.​1080/​09588​221.​2021.​
18887​53

Rogat, T. K., & Linnenbrink-Garcia, L. (2011). Socially shared regulation in collaborative groups: An 
analysis of the interplay between quality of social regulation and group processes. Cognition and 
Instruction, 29(4), 375–415. https://​doi.​org/​10.​1080/​07370​008.​2011.​607930

Roschelle, J., & Teasley, S. D. (1995). The construction of shared knowledge in collaborative problem 
solving. In C. O’Malley (Ed.), Computer supported collaborative learning. NATO ASI series (pp. 
69–97). Springer.

Rourke, L., Anderson, T., Garrison, D. R., & Archer, W. (1999). Assessing social presence in asynchro-
nous text-based computer conferencing. The Journal of Distance Education, 14(2), 50–71.

https://doi.org/10.1080/00461520.2012.750225
https://doi.org/10.1080/00461520.2012.750225
https://doi.org/10.1145/3027385.3027386
https://doi.org/10.1007/s10270-016-0545-x
https://doi.org/10.1007/s10270-016-0545-x
https://doi.org/10.1016/j.ijer.2020.101621
https://doi.org/10.1016/j.ijer.2020.101621
https://doi.org/10.13541/j.cnki.chinade.20181115.007
https://doi.org/10.1080/00461520.2019.1670064
https://doi.org/10.1080/00461520.2019.1670064
https://doi.org/10.1007/s11251-012-9262-1
https://doi.org/10.1007/s11251-012-9262-1
https://doi.org/10.1007/s11409-013-9108-5
https://doi.org/10.1007/s11409-013-9108-5
https://doi.org/10.1016/j.cedpsych.2017.01.009
https://doi.org/10.1016/j.ijer.2020.101589
https://doi.org/10.1007/s11409-013-9105-8
https://doi.org/10.1007/s11409-014-9114-2
https://doi.org/10.1016/j.procs.2017.12.154
https://doi.org/10.1016/j.chb.2010.06.024
https://doi.org/10.24059/olj.v6i1.1870
https://doi.org/10.24059/olj.v6i1.1870
https://doi.org/10.1080/09588221.2021.1888753
https://doi.org/10.1080/09588221.2021.1888753
https://doi.org/10.1080/07370008.2011.607930


13177

1 3

Education and Information Technologies (2023) 28:13153–13178	

Saqr, M., & Nouri, J. (2020). High resolution temporal network analysis to understand and improve col-
laborative learning. In Proceedings of the Tenth International Conference on Learning Analytics & 
Knowledge, Association for Computing Machinery, Frankfurt, Germany, 314–319. https://​doi.​org/​
10.​1145/​33754​62.​33755​01

Sobocinski, M., Malmberg, J., & Järvelä, S. (2017). Exploring temporal sequences of regulatory phases 
and associated interactions in low- and high-challenge collaborative learning sessions. Metacogni-
tion and Learning, 12(2), 275–294. https://​doi.​org/​10.​1007/​s11409-​016-​9167-5

Sobocinski, M., Järvelä, S., Malmberg, J., Dindar, M., Isosalo, A., & Noponen, K. (2020). How does 
monitoring set the stage for adaptive regulation or maladaptive behavior in collaborative learning? 
Metacognition and Learning, 15(2), 99–127. https://​doi.​org/​10.​1007/​s11409-​020-​09224-w

Sonnenberg, C., & Bannert, M. (2015). Discovering the effects of metacognitive prompts on the sequen-
tial structure of SRL-processes using process mining techniques. Journal of Learning Analytics, 
2(1), 72–100. https://​doi.​org/​10.​1016/​0005-​7916(82)​90059-3

Swan, K. P., Richardson, J. C., Ice, P., Garrison, D. R., & Arbaugh, J. B. (2008). Validating a measure-
ment tool of presence in online communities of inquiry. IEEE, 2(24), 1–11.

Uzir, N. A. A., Gašević, D., Jovanović, J., Matcha, W., Lim, L. A., & Fudge, A. (2020). Analytics of 
time management and learning strategies for effective online learning in blended environments. In 
Proceedings of the tenth international conference on learning analytics & knowledge (pp. 392–401).

Van Der Aalst, W. (2016). Process mining: Data science in action (Vol. 2). Springer.
Volet, S., Seghezzi, C., & Ritchie, S. (2019). Positive emotions in student-led collaborative science activ-

ities: Relating types and sources of emotions to engagement in learning. Studies in Higher Educa-
tion (Dorchester-on-Thames), 44(10), 1734–1746. https://​doi.​org/​10.​1080/​03075​079.​2019.​16653​14

Wang, D., Ge, J., Hu, H., Luo, B., & Huang, L. (2012). Discovering process models from event multi-
set. Expert Systems with Applications, 39(15), 11970–11978. https://​doi.​org/​10.​1016/j.​eswa.​2012.​
03.​064

Weijters, A. J. M. M., & Van der Aalst, W. (2003). Rediscovering workflow models from event-based 
data using little thumb. Integrated Computer-Aided Engineering, 10(2), 151–162. https://​doi.​org/​10.​
3233/​ICA-​2003-​10205

Weijters, A. J. M. M., Aalst, W. M. P., & Medeiros, A. A. K. (2006). Process mining with the Heuristic-
sminer algorithm. BETA Working Paper Series, Eindhoven University of Technology.

Weissenrieder, M., & Fairclough, N. (1997). Critical discourse analysis: The critical study of language. 
National Federation of Modern Language Teachers, 81(3), 1–8. https://​doi.​org/​10.​2307/​329335

Winne, P. H. (2014). Issues in researching self-regulated learning as patterns of events. Metacognition 
and Learning, 9(2), 229–237. https://​doi.​org/​10.​1007/​s11409-​014-​9113-3

Winne, P. H., & Hadwin, A. F. (2008). The weave of motivation and self-regulated learning. In D. H. 
Schunk & B. J. Zimmerman (Eds.), Motivation and self-regulated learning: Theory, research, and 
applications (pp. 297–314). Lawrence Erlbaum Associates Publishers.

Wong, J., Baars, M., de Koning, B. B., & Paas, F. (2021). Examining the use of prompts to facilitate self-
regulated learning in massive open online courses. Computers in Human Behavior, 115, 106596. 
https://​doi.​org/​10.​1016/j.​chb.​2020.​106596

Xu, Y., Taniguchi, Y., Goda, Y., Shimada, A., & Yamada, M. (2020). Relationship between learn-
ing behaviors and social presence in online collaborative learning. Proceedings of CELDA, 2020, 
83–90.

Xu, X., Zhao, W., Jiang, Q., Liu, H., & Qiao, L. (2022). Process mining empowers educational data 
analysis: An analysis of the application of three mining algorithm. Journal of Distance Education, 
40(03), 45–55. https://​doi.​org/​10.​15881/j.​cnki.​cn33-​1304/​g4.​2022.​03.​003

Yan, H., Chengling, Z., Gang, Z., Jun, L., Fengfang, S., & Hongxia, L. (2020). Intelligent technolo-
gies for educational process mining: Research framework, status and trends. E-education research, 
41(8), 49–57. https://​doi.​org/​10.​13811/j.​cnki.​eer.​2020.​08.​007

Ye, D., & Pennisi, S. (2022). Using trace data to enhance students’ self-regulation: A learning analytics 
perspective. The Internet and Higher Education, 54, 100855. https://​doi.​org/​10.​1016/j.​iheduc.​2022.​
100855

Zheng, X., Kim, H., Lai, W., & Hwang, G. (2020). Cognitive regulations in ICT-supported flipped class-
room interactions: An activity theory perspective. British Journal of Educational Technology, 51(1), 
103–130. https://​doi.​org/​10.​1111/​bjet.​12763

Zimmerman, B. J. (2000). Attaining self-regulation: A social cognitive perspective. In M. Boekaerts, P. 
R. Pintrich, & M. Zeidner (Eds.), Handbook of self-regulation (pp. 13–39). Academic Press.

https://doi.org/10.1145/3375462.3375501
https://doi.org/10.1145/3375462.3375501
https://doi.org/10.1007/s11409-016-9167-5
https://doi.org/10.1007/s11409-020-09224-w
https://doi.org/10.1016/0005-7916(82)90059-3
https://doi.org/10.1080/03075079.2019.1665314
https://doi.org/10.1016/j.eswa.2012.03.064
https://doi.org/10.1016/j.eswa.2012.03.064
https://doi.org/10.3233/ICA-2003-10205
https://doi.org/10.3233/ICA-2003-10205
https://doi.org/10.2307/329335
https://doi.org/10.1007/s11409-014-9113-3
https://doi.org/10.1016/j.chb.2020.106596
https://doi.org/10.15881/j.cnki.cn33-1304/g4.2022.03.003
https://doi.org/10.13811/j.cnki.eer.2020.08.007
https://doi.org/10.1016/j.iheduc.2022.100855
https://doi.org/10.1016/j.iheduc.2022.100855
https://doi.org/10.1111/bjet.12763


13178	 Education and Information Technologies (2023) 28:13153–13178

1 3

Zimmerman, B. J. (2008). Investigating self-regulation and motivation: Historical background, methodo-
logical developments, and future prospects. American Educational Research Journal, 45(1), 166–
183. https://​doi.​org/​10.​3102/​00028​31207​312909

Zimmerman, B. J., & Schunk, D. H. (2011). Handbook of self-regulation of learning and performance. 
Routledge.

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

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive rights to this article under 
a publishing agreement with the author(s) or other rightsholder(s); author self-archiving of the accepted 
manuscript version of this article is solely governed by the terms of such publishing agreement and 
applicable law.

https://doi.org/10.3102/0002831207312909

	Exploring the interaction of cognition and emotion in small group collaborative discourse by Heuristic Mining Algorithm (HMA) and Inductive Miner Algorithm (IMA)
	Abstract
	1 Introduction
	2 Research review
	2.1 Cognition and emotion in collaborative learning
	2.2 Process mining and interaction process

	3 Material and methods
	3.1 Participants
	3.2 Research questions
	3.3 Tools
	3.3.1 Coding based on self-regulated phases and emotion
	3.3.2 Analyzing the collaborative process by using inductive miner algorithm and heuristic mining algorithm

	3.4 Design framework

	4 Data analysis and results
	4.1 Consistency analysis
	4.2 Discourse and interaction in collaboration learning
	4.3 Time-series data on the interaction process
	4.3.1 Collaborative learning interaction process of all students in the six tasks
	4.3.2 Collaborative learning interaction process of the high-scoring groups in the six tasks
	4.3.3 Collaborative learning interaction process of the low-scoring groups in the six tasks


	5 Discussion
	6 Conclusions
	Acknowledgments 
	References


