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Abstract
Online collaborative learning (OCL) has been a mainstream pedagogy in the field of 
higher education. However, learners often produce off-topic information and engage 
less during online collaborative learning compared to other approaches. In addition, 
learners often cannot converge in knowledge, and they often do not know how to 
coregulate with peers. To cope with these problems, this study proposed an immedi-
ate analysis of interaction topics (IAIT) approach through deep learning technolo-
gies. The purpose of this study is to examine the effects of the IAIT approach on 
group performance, knowledge convergence, coregulation, and cognitive engage-
ment in online collaborative learning. In total, 60 undergraduate students partici-
pated in this quasi-experimental study. They were assigned to either the experimen-
tal or the control groups. The students in the experimental groups conducted online 
collaborative learning with the IAIT approach, and the students in the control groups 
conducted online collaborative learning only without any particular approach. The 
whole study lasted for three months. Both qualitative and quantitative methods were 
adopted to analyze data. The results indicated that the IAIT approach significantly 
promoted group performance, knowledge convergence, coregulated behaviors, and 
cognitive engagement. The IAIT approach did not increase learners’ cognitive load. 
The results, together with the implications for teachers, practitioners and research-
ers, are also discussed in depth.
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1 Introduction

Online collaborative learning (OCL) refers to a pedagogy in which learners who are 
geographically separated learn together online to complete tasks and solve problems 
(Reeves et  al., 2004). As an effective pedagogy, online collaborative learning can 
engage students in learning together anytime and anywhere (Lampe et  al., 2011). 
The advantages of online collaborative learning are well known, including improv-
ing learning performance (Ng et al., 2022), social skills (Meijer et al., 2020), and 
problem-solving abilities (Rosen et  al., 2020). During online collaborative learn-
ing, learners often generate a large amount of online discussion content. Chen et al. 
(2021) found that learners often become lost among large amounts of online discus-
sion content because there is lack of an informative presentation format for online 
discussion content. Gao et al. (2013) also revealed that the effectiveness of online 
discussion would decrease if there was a lack of visual cues and real-time feedback 
during online collaborative learning. Furthermore, Peng et al. (2020) revealed that 
learners often cannot locate and track interaction topics during online discussion. 
There is often off-topic information or shallow discussion during online collabora-
tive learning, which results in deviation from collaborative learning tasks and low 
learning performance (Wu, 2022).

To cope with these problems, previous studies have adopted manual coding or 
traditional machine learning methods to detect topics, especially off-topic informa-
tion (Wu, 2022). However, the accuracies of traditional machine learning methods 
were very low (Wu, 2022). With the rapid development of artificial intelligence 
technologies, deep learning technologies have emerged and been widely adopted in 
the field of education. Deep learning technologies are based on learning architec-
tures called deep neural networks (DNNs) that can overcome the shortcomings of 
shallow networks (Shrestha & Mahmood, 2019). DNNs are conceptualized as the 
neural networks used in deep learning (Sze et al., 2017; Liu et al., 2017) revealed 
that DNNs can yield more competitive results than traditional machine learning 
methods. Nevertheless, few studies have adopted deep neural networks (DNNs) to 
analyze interaction topics immediately in an online collaborative learning context. 
In fact, automated topic detection is beneficial for both teachers and students to 
quickly graph the main content during online discussion (Ahmad et al., 2022). The 
automatic analysis of interaction topics can contribute to formative assessment of 
collaborative learning processes (Wong et  al., 2021). Therefore, it is necessary to 
analyze interaction topics in real time during online collaborative learning.

This study aims to propose an innovative approach to the immediate analysis of 
interaction topics through DNNs to promote group performance, knowledge conver-
gence, cognitive engagement, and coregulation in the OCL context. Group perfor-
mance is conceptualized as the quantity or quality of the products yielded by group 
members (Weldon & Weingart, 1993). Knowledge convergence is defined as learn-
ers having knowledge of the same concepts as their peers (Weinberger et al., 2007). 
Cognitive engagement is defined as the extent to which one is thinking about the 
learning activity (Ben-Eliyahu et al., 2018). Coregulation refers to dynamic regula-
tory processes through which individuals internalize social and cultural influences 



9915

1 3

Education and Information Technologies (2023) 28:9913–9934 

(Volet et al., 2009). In addition, Wu et al. (2018) found that the use of technology 
may increase cognitive load. Thus, the research questions are addressed as follows:

1. Can the immediate analysis of interaction topic (IAIT) approach improve group 
performance in comparison with the traditional online collaborative learning 
(TOCL) approach?

2. Can the IAIT approach promote knowledge convergence?
3. Can the IAIT approach enhance cognitive engagement?
4. Can the IAIT approach promote coregulation?
5. Can the IAIT approach increase cognitive load?

2  Literature review

2.1  Topic detection in online learning

A topic refers to a set of activities that are strongly related to seminal real-world events 
(Allan, 2002). Topic detection is defined as an automatic technique for finding topi-
cally related material in streams of data (Wayne, 1997). Recently, topic detection has 
been widely used in the field of online learning. The purpose of topic detection is 
to detect latent topics in online learning and help teachers guide and intervene with 
learners to improve learning performance (Peng et al., 2020). Typically, there are two 
approaches to detecting topics in the online learning field. One approach is to utilize 
traditional methods; the other approach is to utilize deep learning techniques.

Many studies have adopted traditional methods to detect topics in the field of 
online learning. For example, Li et  al. (2015) employed key terms to detect hot 
topics in online learning communities. Chen et al. (2021) adopted Latent Dirichlet 
Allocation (LDA) to detect topics in asynchronous online discussion to help learners 
grasp discussion topics. Wong et al. (2019) integrated unsupervised and supervised 
methods to extract topics from Massive Open Online Course (MOOC) discussion 
forums. Wu (2022) combined traditional machine learning methods and manual 
methods to detect off-topic information in online discussion. Shahzad and Wali 
(2022) utilized word mover distance, word embedding, and a random forest algo-
rithm to detect off-topic essays.

Recently, deep learning techniques, especially deep neural network models, have 
been utilized for topic detection. DNN is a neural network modeled as a multilayer 
perceptron trained with algorithms to learn representations without any manual 
design of feature extractors (Shrestha & Mahmood, 2019). Deep neural networks 
are able to achieve higher performance than shallow neural networks and tradi-
tional machine learning methods since deep neural networks can extract complex 
and high-level features (Sze et  al., 2017). Previous studies have employed deep 
neural network models to detect MOOC and social media topics. For example, Xu 
and Lynch (2018) adopted deep neural network models, namely, BiLSTM (bidirec-
tional long short-term memory model), to detect question topics in MOOC forums. 
Asgari-Chenaghlu et al. (2020) employed bidirectional encoder representations from 
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transformers (BERT) to detect topics in social media. BERT was proposed by Dev-
lin et  al. 2019), who revealed that BERT is empirically powerful since it can be 
fine-tuned to capture the semantic relationships among labels. However, very few 
studies have adopted BERT to detect interaction topics in the online collaborative 
learning context. This study aims to close the research gaps to examine the effective-
ness of utilizing BERT to detect interaction topics in an online collaborative learn-
ing context.

2.2  Knowledge convergence

Knowledge convergence is a main goal of collaborative learning (Mercier, 2017). 
Roschelle and Teasley (1995) believed that the mission of collaborative learning is 
to construct a shared understanding of interaction topics through knowledge con-
vergence. However, learners often cannot converge in knowledge during online col-
laborative learning (Chen, 2017). For instance, learners often discuss irrelevant or 
off-topic information during online collaborative learning, which results in diverg-
ing knowledge. Learners cannot grasp the whole group’s interaction topics, and they 
often become lost during online discussion (Chen et al., 2021).

To promote knowledge convergence, different strategies have been employed in 
previous studies, including online reciprocal peer feedback (Chen, 2017), collabo-
rative learning activities (Draper, 2015), collaborative concept maps (Chen et  al., 
2018), and learning goals (Mercier, 2017). In addition, Hernández-Sellés et al. 2020) 
found that cognitive, social, and organizational interactions contribute to reaching 
knowledge convergence in collaborative learning. Zheng et  al. (2022a) adopted a 
learning analytics-based method to promote knowledge convergence in the CSCL 
context. Nevertheless, there is a paucity of studies analyzing interaction topics in 
real time to facilitate knowledge convergence.

2.3  Cognitive engagement

Cognitive engagement plays a very important role in online learning (Richardson 
& Newby, 2006). It also represents the level of mental involvement in learning (Li 
et al., 2021). Furthermore, cognitive engagement can also reflect students’ knowl-
edge construction level when completing a learning task, and it denotes lower-level 
and higher-level cognitive strategies (Liu et al., 2022). Previous studies have adopted 
traditional or automated measurement methods to measure cognitive engagement. 
Traditional measurement methods include self-report scales (Greene, 2015), inter-
views, observations, and ratings (Li et al., 2021). Automated measurement methods 
include using log files, physiological or neurological sensors, computer vision, and 
machine learning methods to automatically measure cognitive engagement (White-
hill et al., 2014).

Furthermore, cognitive engagement is closely related to productive learning out-
comes (Chi & Wylie, 2014), but learners often cognitively engage less during the 
process of online collaborative learning compared to other learning processes (Lin 
et al., 2020). Previous studies have adopted different strategies to promote cognitive 
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engagement. For example, Wen (2021) adopted augmented reality technologies to 
enhance cognitive engagement. Ouyang and Chang (2019) proposed that empow-
ering learners to take leadership roles contributes to enhancing cognitive engage-
ment in online discussion. Several studies have also adopted learning analytics inter-
vention to promote cognitive engagement (Kew & Tasir, 2022; Chen et al., 2022); 
however, there is a paucity of empirical research on instantly analyzing interaction 
topics to promote cognitive engagement. This study aims to close this research gap 
to immediately analyze interaction topics to increase cognitive engagement in the 
online collaborative learning context.

2.4  Coregulation

Coregulation is an interactive process in- which regulatory activity is shared and 
embedded in the interactions (Hadwin & Oshige, 2011). It is composed of emergent 
social interactions mediated by setting goals, making plans, monitoring, and evalu-
ating (Zheng et al., 2016). Coregulation focuses on mutuality and shared represen-
tation in a collaborative learning context. It is crucial for successful collaborative 
learning, and it provides temporary support for each other’s self-regulated learning 
(Schoor et  al., 2015). However, learners often do not know how to regulate each 
other during collaborative learning (Borge et al., 2022).

Previous studies have adopted different strategies to promote coregulation. For 
example, Miller and Hadwin (2015) adopted scripts or awareness tools to facili-
tate coregulation. Zheng et  al. (2022b) adopted personalized feedback to promote 
coregulation. However, there is a paucity of studies promoting coregulation through 
immediate analysis of interaction topics in online collaborative learning. To address 
this problem, this study aims to enhance coregulation using an immediate analysis 
of interaction topics approach in an online collaborative learning context.

3  Methodology

3.1  An innovative approach to the immediate analysis of interaction topics 
in OCL

The present study proposed an innovative approach to immediately analyzing inter-
action topics and providing feedback in online collaborative learning. The proposed 
approach included three steps. The first step was to conduct online collaborative 
learning and collect online discussion transcripts through the online collaborative 
learning platform. Figure 1 shows the online collaborative learning platform.

The second step was to automatically analyze interaction topics through a deep 
neural network model. The deep neural network model is bidirectional encoder 
representations from transformers (BERT) that includes pre-training and fine-
tuning (Devlin et al., 2019). In the pre-training phase, the model is trained with 
the unlabeled corpus, and in the fine-tuning phase, the model is fine-tuned using 
labeled data (González-Carvajal & Garrido-Merchán, 2020). Therefore, BERT 
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is a pretraining model that is trained by masked language modeling and recov-
ers the masked tokens using a bidirectional transformer (Minaee et al., 2021). In 
this study, the Chinese BERT-base was adopted with 12 layers, a hidden size of 
768, 12 self-attention heads, and 110 M parameters based on Devlin et al. 2019). 
Before this study, the first author collected the 10,559 online collaborative learn-
ing records from college students who completed the same collaborative learn-
ing tasks as this study’s tasks. Thus, totally 10,559 online collaborative learning 
records were used to train, test, and validate BERT. In this study, 70% of the 
data were the training set, 20% of the data were the validation set, and 10% of 
the data were the test set. In addition, other competing models, including LSTM 
(long short-term memory), support vector machine (SVM), logistic regression 
(LR), and naive Bayes (NB), were also compared. As shown in Table 1, BERT 
achieved the highest accuracy among all competing models. Therefore, this study 
selected BERT to automatically analyze interaction topics for one group and all 
groups. The third step was to provide personalized feedback and to recommend 
learning resources based on the analysis results. Figure 2 shows the topic analysis 

Fig. 1  Screenshot of the online collaborative learning platform

Table 1  The accuracies of 
different models

Models Accuracy

BERT 0.96
LSTM (Long Short-Term Memory) 0.79
Support vector machines (SVM) 0.79
Logistic regression (LR) 0.77
Naive Bayes (NB) 0.77
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results and feedback for one group. Figure 3 shows the topic analysis results of all 
groups and feedback.

3.2  Participants

This study enrolled 60 college students from a top-10 public university in China. 
The average age of participants was 22 years old. There were 53 females and 7 

Fig. 2  The topic analysis results of a group and feedback

Fig. 3  The topic analysis results of all groups and feedback
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males, which is in line with the population distribution of this university. The par-
ticipants were majoring in fields such as literature, education, psychology, politics, 
mathematics, and geography. All participants had prior knowledge and experienced 
collaborative learning before this study. In total, 30 students were assigned to the 
experimental groups, and another 30 students were assigned to the control groups. 
Participants were not randomly assigned into the experimental and control groups 
since this study was a quasi-experimental study. Furthermore, there was no signif-
icant difference in prior knowledge between the experimental and control groups 
(t = 0.075, p = .941). Although females were more than males, there was no signifi-
cant difference in gender distribution between the experimental and control groups 
(X2 = 1.456, p = .228). Informed written consent was obtained from all participants, 
and they all agreed to participate in this study.

3.3  Experimental procedure

This study adopted a mixed research design to compare the impacts of the IAIT 
approach on group performance, knowledge convergence, coregulated behavioral 
patterns, cognitive engagement, and cognitive load. The whole experiment lasted for 
three months. There were six phases during this experiment, as shown in Fig. 4. The 
first phase was to conduct a pretest for 15 min to examine the previous knowledge of 
all participants. The second phase was to introduce how to use the online collabora-
tive learning platform and the IAIT approach. The third phase was to conduct online 
collaborative learning in different time slots and complete the same collaborative 
learning task for the same duration. The students in the ten experimental groups 
conducted online collaborative learning with the IAIT approach. The students in 
the ten control groups conducted online collaborative learning without obtaining 
any analysis results about collaborative learning processes and outcomes. The topic 
of online collaborative learning tasks focused on the cultivation of abilities. More 
specifically, the task included four subtasks, namely, how to define abilities; what 
are the relationships among abilities, skills, and knowledge; what kinds of abilities 
are crucial for experts in all professions and trades; and how can learners’ innova-
tive abilities be fostered? Each group collaboratively completed an online document 
about the solutions to collaborative learning tasks as a group product. The fourth 
phase was to conduct the posttest and postquestionnaire for 30 min. The fifth phase 
was to interview each experimental group face-to-face for 30 min. The last phase 
was to complete a delayed posttest three days later.

3.4  Instruments

The pretest, posttest, delayed posttest, and cognitive load questionnaire were adopted 
as instruments in this study. The purpose of the pretest was to examine the partici-
pants’ prior knowledge. The pretest with a perfect score of 100 consisted of ten mul-
tiple-choice items, two short-answer questions, and two essay questions. The pretest, 
posttest, and delayed posttest were developed and rated by two experienced experts. 
The reliability of the pretest achieved 0.81, indicating high internal reliability 
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(Cohen, 1988). The posttest with a perfect score of 100 consisted of ten multiple-
choice items, three short-answer questions, and two essay questions. The reliability 
of the posttest achieved 0.85, indicating high internal reliability (Cohen, 1988). The 
items used in the delayed posttest were the same as those used in the original post-
test. The reliability of the delayed posttest achieved 0.83, indicating high internal 
reliability (Cohen, 1988). In addition, the cognitive load questionnaire was adapted 
from Hwang et al. 2013). The questionnaire consisted of five items measuring men-
tal load and three items measuring mental effort. The reliability of the cognitive load 
questionnaire calculated by Cronbach’s alpha achieved 0.86, indicating high internal 
reliability (Cohen, 1988).

3.5  Data analysis methods

The collected datasets in this study included 60 pretests, 60 posttests, 60 delayed 
posttests, and 60 cognitive load questionnaires, online discussion transcripts of 20 
groups, 20 group products, and interview records of 10 groups. The computer-assisted 

Fig. 4  The experimental pro-
cedure
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knowledge graph analysis method, content analysis method, and lag sequential analysis 
method were employed in this study.

First, online discussion transcripts of 20 groups were analyzed through the com-
puter-assisted knowledge graph analysis method proposed by the Zheng et al. (2015). 
The computer-assisted knowledge graph analysis method includes three steps, namely, 
drawing the target knowledge graph, coding online discussion transcripts based on pre-
defined rules, and calculating the knowledge convergence level through the developed 
analytic tool. Two coders analyzed all online discussion transcripts. The interrater reli-
ability calculated through kappa statistics achieved 0.8, indicating high interrater reli-
ability (Cohen, 1988). The knowledge convergence level was equal to the sum of the 
number of activations of each vertex on the common knowledge graph, which has been 
validated by Zheng (2017).

Second, online discussion transcripts of 20 groups were analyzed using the con-
tent analysis method and the lag sequential analysis method to examine coregulated 
behavioral patterns. The coregulated behaviors include orienting goals (OG), mak-
ing plans (MP), enacting strategies (ES), monitoring and controlling (MC), evaluat-
ing and reflecting (ER), and adapting metacognition (AM). The coding scheme of 
coregulated behaviors originated from the Zheng et al. (2022b), and it can recognize 
coregulated behaviors more effectively than other coding schemes. The interrater 
reliability calculated through kappa statistics achieved 0.9, indicating high interrater 
reliability (Cohen, 1988). Then, the lag sequential analysis method was adopted to 
analyze coregulated behavioral transition. GSEQ 5.1 software was employed to per-
form behavioral sequence analysis to detect the coregulated behavioral transition 
(Quera et al., 2007).

Third, online discussion transcripts of 20 groups were analyzed through a content 
analysis method to examine cognitive engagement. Cognitive engagement was clas-
sified into memory, understanding, application, evaluation, and off-topic information, 
adapted from Bloom et al. 1956). Two coders analyzed cognitive engagement indepen-
dently, and the interrater reliability calculated through kappa statistics achieved 0.9, 
indicating high interrater reliability (Cohen, 1988).

Fourth, 20 group products were evaluated independently based on the assessment 
criteria that were adapted from Zheng et al. (2022a). The assessment criteria included 
five dimensions with a total score of 100, namely, correctness (25), rationality (20), 
originality (25), completeness (20), and format (10). The Cohen’s kappa value achieved 
0.84, indicating high interrater reliability (Cohen, 1988).

Last, the interview records of the experimental groups were analyzed according 
to thematic analysis methods (Braun & Clarke, 2006) to detect four themes, namely, 
improving group performance, improving knowledge convergence, improving group 
learning engagement, and promoting coregulation. The two coders analyzed all of the 
interview transcripts independently, and the interrater reliability achieved 0.9. All dis-
crepancies were resolved via face-to-face discussion.
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4  Results

4.1  Analysis of group performance

Group performance was measured using posttests, delayed posttests, and group 
products. First, the Shapiro‒Wilk test was performed to examine the normality 
of all data. The results indicated that all of the datasets were normally distributed 
(p > .05). Second, homogeneity of variance test was performed through Levene’s test 
and the results indicated that homogeneity of variance was not violated (p > .05). 
Third, the homogeneity of regression slopes was conducted before one-way anal-
ysis of covariance (ANCOVA), and the results indicated that ANCOVA can be 
performed to analyze the difference in posttests (F = 2.39, p = .12), delayed post-
tests (F = 0.87, p = .35), and group products (F = 1.67, p = .21). Finally, ANCOVA 
was performed, and Table 2 shows the analysis results. The findings revealed that 
there were significant differences in posttests (F = 8.11, p = .006), delayed posttests 
(F = 5.98, p = .01), and group products (F = 10.97, p = .004) between the experimen-
tal and control groups. In addition, the proposed approach had a large effect size 
for group products (η2 = 0.39) and a medium effect size for posttests (η2 = 0.13) and 
delayed posttests (η2 = 0.10) according to Cohen (1988).

4.2  Analysis of knowledge convergence

First, the Shapiro‒Wilk test was performed to examine the normality of all data. The 
results indicated that all of the datasets were normally distributed (p > .05). Second, 
homogeneity of variance test was performed through Levene’s test and the results 
indicated that homogeneity of variance was not violated (p > .05). Third, the homo-
geneity of regression slopes was conducted before one-way analysis of covariance 
(ANCOVA), and the results indicated that ANCOVA can be performed to analyze 
the difference in knowledge convergence (F = 0.25, p = .63). Finally, ANCOVA was 
performed, and Table 3 shows the analysis results. The findings revealed that there 
was a significant difference in knowledge convergence (F = 20.41, p = .000) between 
the experimental and control groups. In addition, the proposed approach had a large 
effect size for knowledge convergence (η2 = 0.55) according to Cohen (1988).

Table 2  The ANCOVA results of posttests, delayed posttests, and group products

* p < .05. **p < .01

Groups N Mean SD SE F p η2

Posttest Experimental group 30 76.47 7.41 1.95 8.11** 0.006 0.13
Control group 30 68.63 13.29 1.88

Delayed posttest Experimental group 30 75.33 7.61 1.88 5.98* 0.01 0.10
Control group 30 68.83 12.26 1.88

Group products Experimental group 30 82.50 7.89 2.38 10.97** 0.004 0.39
Control group 30 71.40 6.76 2.38
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4.3  Analysis of coregulated behavioral patterns

To analyze the differences in coregulated behavioral patterns between the experi-
mental groups and control groups, the adjusted residuals of the groups were cal-
culated using GSEQ 5.1 software. The adjusted residual refers to whether target 
behaviors occur significantly more or less often than expected after given behaviors 
(Bakeman & Quera, 2011). If the adjusted residual is larger than 1.96, it means that 
target behavior occurs significantly more often than expected by chance (Bakeman 
& Quera, 2011). Tables  4 and 5 show the adjusted residuals of the experimental 
groups and control groups, respectively. Figure 5 shows the coregulated behavioral 
sequence of the experimental groups and control groups. The numbers indicate the 
adjusted residuals.

Table 3  The ANCOVA results of knowledge convergence

** p < .01

Groups N Mean SD SE F p η2

Knowledge convergence Experimental group 30 251.79 106.55 51.60 20.41** 0.000 0.55
Control group 30 582.28 197.33 51.60

Table 4  Adjusted residuals of the experimental group

*  p < .05

Starting behavior Subsequent behavior

OG MP ES MC ER AM

Orientating goals (OG) 1.78 5.64* -2.66 0.54 -1.19 -0.95
Making plans (MP) 4.16* 4.99* -6.98 3.46* 1.28 -1.21
Enacting strategies (ES) -3.32 -7.03 3.44* 2.33* -1.52 -2.33
Monitoring and controlling (MC) 0.91 4.22* 2.60* -5.12 -0.34 0.76
Evaluating and reflecting (ER) 0.65 -1.03 -2.30 0.30 1.74 4.59*

Adapting metacognition (AM) -0.95 -0.58 -2.33 1.93 2.00* -0.21

Table 5  Adjusted residuals of the control group

*  p < .05

Starting behavior Subsequent behavior

OG MP ES MC ER AM

Orientating goals (OG) 12.50* 2.27* -1.93 -2.26 -1.61 -0.51
Making plans (MP) 0.40 6.70* -6.05 3.29* -1.27 0.48
Enacting strategies (ES) -3.34 -6.50 6.56* -2.10 -0.30 -1.13
Monitoring and controlling (MC) -0.33 3.37* -3.21 1.82 -0.48 0.87
Evaluating and reflecting (ER) -0.88 -1.27 0.81 -1.65 3.82* -0.80
Adapting metacognition (AM) -0.50 -0.83 -1.75 1.51 0.54 3.72*



9925

1 3

Education and Information Technologies (2023) 28:9913–9934 

The findings revealed that there were eight coregulated behavioral transition 
sequences and two repeated behavioral sequences in the experimental groups. As 
shown in Fig. 5, OG→MP indicates that learners make plans after orientating goals. 
MP→OG indicates that learners orientate goals again after making plans. MP→MP 
reveals that learners make plans continually. MP→MC denotes that learners monitor 
and control collaborative learning progress after they make plans. ES→ES indicates 
that learners enact strategies continually. ES→MC indicates that learners monitor 
and control the collaborative learning process after they enact strategies. MC→MP 
indicates that learners enact strategies after making plans. MC→ES indicates that 
learners enact strategies after monitoring and controlling. ER→AM indicates that 
learners adapt metacognition after they evaluate and reflect. AM→ER indicates that 
learners evaluate and reflect after they adapt metacognition.

The control groups, by contrast, only had three coregulated behavioral transition 
sequences and five repeated behavioral sequences. As shown in Fig.  5, OG→OG 
indicates orientating goals repeatedly, and OG→MP indicates making plans after 
orientating goals. MP→MP indicates making plans repeatedly. MP→MC denotes 
that learners monitor and control collaborative learning progress after they make 
plans. ES→ES represents enacting strategies repeatedly. MC→MP indicates that 
learners enact strategies after making plans. ER→ER represents evaluating and 
reflecting repeatedly. AM→AM represents adapting metacognition repeatedly.

Furthermore, Table 6 shows that there were five significant coregulated behav-
ioral transition sequences that only occurred in the experimental groups, namely, 
MP→OG, ES→MC, MC→ES, ER→AM, and AM→ER. The findings revealed that 
orientating goals, monitoring and controlling, enacting strategies, evaluating and 
reflecting, and adapting metacognition were crucial coregulated behaviors for suc-
cessful collaborative learning.

Fig. 5  Coregulated behavioral transition diagrams of the experimental and control groups



9926 Education and Information Technologies (2023) 28:9913–9934

1 3

4.4  Analysis of cognitive engagement and cognitive load

First, the Shapiro‒Wilk test was performed to examine the normality of all data 
and the results indicated that all datasets were normally distributed (p > .05). Table 7 
shows the independent sample t test results of cognitive engagement and cognitive 
load. The results revealed that there were significant differences in cognitive engage-
ment (t = 2.12, p = .04) between the experimental and control groups. The experi-
mental groups demonstrated more cognitive engagement than the control groups. 
Hence, the proposed approach enhanced learners’ cognitive engagement. In addi-
tion, the results revealed that there were no significant differences in cognitive load 
(t = 0.46, p = .65), mental load (t = 0.77, p = .44) or mental effort (t = 0.12, p = .91). 
Hence, the proposed approach did not increase learners’ cognitive load.

4.5  Analysis of interview results

To obtain learners’ perceptions of the IAIT approach, face-to-face interviews were 
conducted, and Table 8 shows the interview results. The findings indicated that the 
proposed approach could significantly promote group performance, knowledge con-
vergence, cognitive engagement, and coregulation. With regard to improving group 

Table 6  Significant behavior sequences that only occurred in the experimental group

Starting behavior Subsequent behavior

OG MP ES MC ER AM

Orientating goals (OG)
Making plans (MP) MP→OG
Enacting strategies (ES) ES→MC
Monitoring and controlling (MC) MC→ES
Evaluating and reflecting (ER) ER→AM
Adapting metacognition (AM) AM→ER

Table 7  Independent sample t test results of cognitive engagement and cognitive load

Dimensions Groups N Mean SD t p

Cognitive engagement Experimental group 30 268.80 67.98 2.12 0.04
Control group 30 208.20 49.55

Cognitive load Experimental group 30 3.58 1.00 0.46 0.65
Control group 30 3.46 1.04

Mental load Experimental group 30 3.67 1.04 0.77 0.44
Control group 30 3.46 1.11

Mental effort Experimental group 30 3.42 1.09 0.12 0.91
Control group 30 3.45 1.15
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performance, interviewees believed that they often revised and refined group prod-
ucts based on the analysis results (90%) and that they could acquire new knowledge 
and skills through the proposed approach (90%). With respect to promoting knowl-
edge convergence, interviewees believed that the proposed approach promoted more 
shared understanding (90%). The proposed approach reminded them to focus on 
the collaborative learning task and avoid off-topic information (90%). Concerning 
facilitating coregulation, all of the interviewees believed that the proposed approach 
stimulated coregulating with each other (100%), monitoring the online collaborative 
learning progress (100%), reflecting and evaluating based on topic analysis results 
(100%), and adapting plans and strategies (100%). Regarding promoting cognitive 
engagement, all of the interviewees noted that the proposed approach increased 
cognitive engagement overall (90%) and promoted engaging in the understanding, 
application, and evaluation of collaborative learning tasks (90%).

5  Discussion and conclusions

5.1  Discussion of main findings

The results indicated that the IAIT approach can significantly promote group perfor-
mance, knowledge convergence, coregulated behaviors, and cognitive engagement. 
The IAIT approach did not increase learners’ cognitive load. The main contribution 
of this study is to propose and validate the impacts of the immediate analysis of 
interaction topics approach.

With respect to improving group performance, two possible reasons might 
explain the results. First, the IAIT approach immediately demonstrated the inter-
group and intragroup interaction topics, which serve as a group awareness tool and 
stimulate awareness of the latest progress of intergroup and intragroup. Yilmaz and 
Yilmaz (2019) found that the group awareness tool contributes to improving group 
performance. Peng et al. (2022) revealed that intragroup information contributes to 
improving group performance. Second, the IAIT approach automatically provided 
real-time feedback and recommended learning resources, which contributed to 
improving group performance. This finding also echoed Al Hakim et al. 2022) and 
Zheng et al. (2022a), who also revealed that real-time feedback could significantly 
improve learning performance.

With respect to promoting knowledge convergence, there were two possible 
explanations for this result. First, the IAIT approach automatically displayed the 
interaction topics, and learners could be aware of whether they were off-topic. If 
there was off-topic information, learners would immediately focus on collaborative 
learning tasks and become on-topic, which promoted knowledge convergence. Pra-
haraj et al., 2022) also found that on-topic conversation contributed to higher knowl-
edge convergence than off-topic conversation. Second, the IAIT approach provided 
real-time feedback based on the analysis results of interaction topics, which also 
facilitated knowledge convergence. This finding was consistent with Chen (2017), 
who believed that providing feedback promoted the occurrence of knowledge 
convergence.
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Concerning enhancing coregulated behaviors, there are three possible reasons. 
First, the IAIT approach automatically presented the intergroup and intragroup inter-
action topics, which served as a learning analytics dashboard to facilitate coregu-
lation among group members. Sedrakyan et  al. 2020) found that learning analyt-
ics dashboards could effectively support coregulation. Second, the IAIT approach 
immediately presented the interaction topics of intergroup and intragroup, which 
served as a group awareness tool. Schnaubert and Bodemer (2022) found that group 
awareness tools can promote coregulation in collaborative learning settings. Third, 
the IAIT approach also provided real-time feedback for each group, which also facil-
itated coregulation. This result was in line with Zheng  et al. (2022b), who found 
that real-time feedback could support coregulation. In addition, the interview results 
also confirmed that participants could monitor and control, reflect and evaluate the 
online collaborative learning process and outcomes based on the analysis results. 
They also adjusted plans and strategies based on the analysis results.

The main reason for increased cognitive engagement was that the IAIT approach 
provided immediate analysis results about interaction topics and real-time feedback, 
which promoted frequent interactions among participants. Lee et al. 2022) revealed 
that peer interaction could promote cognitive engagement. Furthermore, real-time 
feedback could increase cognitive engagement (Al Hakim et al., 2022). The inter-
view results also found that participants who used the IAIT approach believed that 
the feedback provided was very useful. This finding also echoed Mayordomo et al. 
2022), who found that the positive perception of feedback could promote cognitive 
engagement in an online learning environment.

Furthermore, the IAIT approach did not increase cognitive load. The primary rea-
son was that participants in the experimental groups obtained useful information to 
complete tasks efficiently. Redifer et al. 2021) believed that useful information could 
reduce cognitive load. In addition, participants in the experimental groups and con-
trol groups completed the same collaborative learning task for the same duration. 
Therefore, there was no significant difference in cognitive load between the experi-
mental and control groups.

5.2  Implications

The present study has several implications for teachers, practitioners, and research-
ers. First, the IAIT approach is very helpful for learners to improve their learning 
performance, knowledge convergence, coregulated behavior patterns, and cogni-
tive engagement. The IAIT approach is also useful for teachers and practitioners 
to quickly obtain a better understanding of online discussion content, which con-
tributes to reducing workload and improving efficiency. In addition, teachers can 
make use of the analysis results to evaluate what students have learned. The analysis 
results are also useful for identifying the problems during online collaborative learn-
ing. Teachers and practitioners can also provide real-time feedback and intervention 
based on analysis results to improve collaborative learning performance. Therefore, 
it is recommended that teachers and practitioners pay attention to the immediate 
analysis of interaction topics in online collaborative learning.



9930 Education and Information Technologies (2023) 28:9913–9934

1 3

Second, the IAIT approach can benefit the optimization of online collaborative 
learning task design based on topic analysis results. For example, there are few dis-
cussions on a particular topic, and learners might feel that the topic is boring or dif-
ficult. Then, teachers and practitioners should revise the topic and task accordingly. 
In addition, teachers and practitioners can optimize learning resources, interactive 
strategies, and assessment methods to stimulate learners’ interest in the topics and 
help overcome difficulties in online collaborative learning.

Third, this study found that deep learning technologies, especially deep neural 
network models, are very efficient in topic analysis. Deep neural networks have a 
superior ability to extract semantic relationships from texts than traditional machine 
learning methods (Li & Mao, 2019). Therefore, practitioners can adopt deep neu-
ral networks to automatically analyze topics in online learning. It is highly recom-
mended that researchers develop innovative deep neural network models to achieve 
higher performance in the future.

5.3  Limitations and future studies

This study was constrained by several limitations, and caution should be taken when 
generalizing the findings to other contexts. First, the sample size of this study was 
small due to the COVID-19 pandemic. Future studies should examine the IAIT 
approach using a larger sample size. Second, the current study only engaged par-
ticipants in completing one collaborative learning task. Future studies should engage 
learners in completing other tasks in other learning domains. Third, this study only 
investigated the effects of the IAIT approach on group performance, knowledge con-
vergence, coregulation, and cognitive engagement. Future studies should examine 
the impacts of the IAIT approach on other variables, such as knowledge elaboration, 
problem-solving skills, and behavioral engagement. Fourth, the current study did 
not examine the possible moderating effect of gender on group performance, knowl-
edge convergence, coregulation, and cognitive engagement. Future studies should 
investigate the moderating effect of gender on the dependent variables.
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