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Understand group interaction and cognitive 
state in online collaborative problem solving: 
leveraging brain‑to‑brain synchrony data
Xu Du1†, Lizhao Zhang2†, Jui‑Long Hung2,3*  , Hao Li1, Hengtao Tang4 and Yiqian Xie1 

Introduction
Collaborative problem solving (CPS, hereafter) has become a prominent feature in 21st-
century learning skills, and it is being researched across many domains (Care et  al., 
2012). CPS involves two or more people working together to solve a problem. Such capa-
bilities have been recognized as a crucial goal in education (OECD, 2017). Research has 
indicated that the CPS skill of team members affects the effectiveness of collaboration 
(Andrews & Rapp, 2015). Groups with at least one student with high CPS skills showed 
significantly better learning performance (Andrews-Todd & Forsyth, 2020). Therefore, 
intensive efforts have been motivated to develop related assessments and to activate 
education reforms to improve the effectiveness of CPS (Stadler et al., 2020). In addition, 
education practitioners have particularly emphasized the need for building skills for 
remote collaborations (OECD, 2017; Schulze & Krumm, 2017), as teams have become 
distributed and as schooling or working from home has become the norm. Therefore, 
how to design, develop, and implement online CPS activities to improve the effective-
ness of online CPS is one of the more important topics in current CPS research.

Abstract 

The purpose of this study aimed to analyze the process of online collaborative prob‑
lem solving (CPS) via brain‑to‑brain synchrony (BS) at the problem‑understanding 
and problem‑solving stages. Aiming to obtain additional insights than traditional 
approaches (survey and observation), BS refers to the synchronization of brain activity 
between two or more people, as an indicator of interpersonal interaction or common 
attention. Thirty‑six undergraduate students participated. Results indicate the problem‑
understanding stage showed a higher level of BS than the problem‑solving stage. 
Moreover, the level of BS at the problem‑solving stage was significantly correlated with 
task performance. Groups with all high CPS skill students had the highest level of BS, 
while some of the mixed groups could achieve the same level of BS. BS is an effective 
indicator of CPS to group performance and individual interaction. Implications for the 
online CPS design and possible supports for the process of online CPS activity are also 
discussed.
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To better organize a CPS activity, it is necessary to understand students’ collabora-
tion processes in CPS learning activities. Then instructors can design and develop more 
effective CPS activities and can provide personalized support as needed. The first step 
was to define different phases of the whole CPS process (Hayes, 2013) for advanced 
analyses/observations. The CPS process can be defined as having two phases: the prob-
lem-understanding phase and the solution development phase (Kwon et al., 2019). The 
problem-understanding phase involves a cognitive structure that corresponds to a prob-
lem constructed by a solver (Chi, Feltovich, et al., 1981). Then, in the solution develop-
ment phase, students work together to develop corresponding solutions based on the 
collaborative cognitive structure. Therefore, group dynamics (i.e., how students interact 
with each other) is a critical element during the process (Chi, Glaser, et al., 1981). The 
two phases form a circular cycle and jointly influence the quality of a solution to the 
problem. Studies have been conducted to understand how each phase influences learn-
ing outcomes (Chang et al., 2017; Kwon et al., 2019; Zheng et al., 2020). However, most 
of the studies obtained their data through questionnaires or observations. There is a 
need for additional in-depth analytic results, not from the perceptual data, to under-
stand the details of individual CPS phases, especially from the aspect of the dynamics of 
the group members.

The development of emerging technologies opens new possibilities to collect and 
analyze students’ behaviors and interactions without interfering in the learning process 
(Chanel & Muhl, 2015). Physiological data, such as electrodermal activity (EDA, hereaf-
ter), heart rate, gesture, body pose, and electroencephalogram (EEG, hereafter), reflect 
personal physical and psychological states (Cukurova et al., 2020; Sharma & Giannakos, 
2020). Such data have been adapted to make up for some gaps in perceptional data anal-
ysis (Ashwin & Guddeti, 2020; Dikker et  al., 2017; Noroozi et  al., 2020). Physiological 
synchrony (PS, hereafter) is one of the analytic approaches used to obtain insights from 
physiological data. Studies for years in psychophysiology indicated that human cogni-
tion cannot be separated from the body (Critchley et al., 2013). The connection is bidi-
rectional between a person’s mental states and his/her physiological signals (Critchley & 
Garfinkel, 2018; Pecchinenda, 1996). PS is related to learners’ beliefs about their cogni-
tions, motivations, emotions, and behaviors (Haataja et  al., 2018). The level of PS has 
been adopted to measure whether the interaction is effective (Dindar, Malmberg, et al., 
2020; Sobocinski et al., 2021). As CPS is rooted in the social constructivist view of learn-
ing, which assumes that in-depth learning occurs when students engage in building a 
shared understanding of a problem through social interactions (Jermann & Dillenbourg, 
2008; Pear & Crone-Todd, 2002), PS can serve as an indicator of effective interaction 
in the process of collaborative problem-solving (Dindar, Järvelä, et al., 2020; Sobocinski 
et al., 2021).

Among the PS instruments mentioned above, brain wave synchrony (or so-called 
brain-to-brain synchrony, BS) has its advantages in observing CPS processes. Compared 
with other PS signals, such as EDA and heart rate, BS can reflect students’ cognitive state 
more accurately (Stuldreher et al., 2020a, 2020b). Since collaborative learning involves 
a high level of interactivity (Davidesco, 2020), BS serves as a more in-depth analytical 
indicator that reflects interpersonal interaction or common attention from a cognitive 
state (Nam et al., 2020). Studies have been published that reveal the positive correlation 
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between BS and the level of engagement (Bevilacqua et al., 2019; Dikker et al., 2017) and 
between BS and academic performance (Davidesco et al., 2019). However, these studies 
have been limited to individual students; they have not focused on collaborative learn-
ing. In addition, these studies analyzed BS through original EEG signals. Since EEG sig-
nals can be divided into specific ranges through frequency (Alarcao & Fonseca, 2019), 
analyzing the BS from different bands is a helpful method to further discover BS charac-
teristics in collaborative learning.

Based on the literature, different CPS phases play different roles in the process of col-
laboration. In addition, developing a good solution heavily relies on individual students’ 
domain knowledge and CPS skills. BS is an effective indicator of interaction quality, 
which is proven to have a positive correlation with learning performance in lecturing 
but is rarely studied in CPS. Therefore, the purpose of this study is to analyze the char-
acteristics of BS in CPS to find a new effective indicator, and understand the collabora-
tion process at different CPS phases and how CPS skills impact the collaboration process 
from the aspect of BS. The research questions include:

• What are the characteristics of BS in online CPS?
• What are the differences in BS between collaborative groups with different CPS 

skills?
• What are the differences in group interaction and cognition between groups with 

different BS levels?

Related works
Collaborative problem solving (CPS)

Collaborative problem solving is defined as “the capacity of an individual to effectively 
engage in a process whereby two or more agents attempt to solve a problem by sharing 
the understanding and effort required to come to a solution and pooling their knowl-
edge, skills, and efforts to reach that solution” (OECD, 2017, p. 26). (OECD, 2017) devel-
oped the PISA survey, which aims to investigate whether a student has acquired the key 
knowledge and skills for full participation in modern societies near the end of his or her 
compulsory education. Overall, twelve CPS skills are assessed in the PISA 2015 survey 
(Herborn et al., 2020). Three social related skills are found to be important in each of the 
CPS phases, including (1) establishing and maintaining a shared understanding, (2) tak-
ing appropriate action to solve the problem, and (3) establishing and maintaining team 
organization. These skills can help the student better solve a problem collaboratively. 
Andrews-Todd and Forsyth (2020) proposed a method to evaluate CPS skills based on 
interactive content and analyzed the performance of collaborative groups with differ-
ent combinations of CPS skills. The authors found that groups with at least one student 
with high CPS skills showed significantly better learning performance. This is consistent 
with findings in areas such as cooperative learning that show that beneficial cooperative 
behaviors exhibited by team members contribute to team success (Barron, 2003).

To better organize a CPS activity, it is necessary to understand students’ collabora-
tion processes in CPS learning activities. Scholars have tried to define different phases of 
the whole CPS process and to map the required skills in individual phases. For example, 
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(OECD, 2017) defined the CPS process, as starting with (A) exploring and understanding 
and then moving on to (B) representing and formulating, (C) planning and executing, 
and (D) monitoring and reflecting. Hayes (2013) categorized the problem-solving pro-
cess into six phases: finding the problem, representing the problem, planning the solu-
tion, carrying out the plan, evaluating the solution, and consolidating gains. Although 
these definitions have minor differences, the whole process consists of two major phases: 
problem-understanding and solution development (Kwon et al., 2019). The quality of a 
solution is strongly influenced by the problem-understanding phase (Simon & Hayes, 
1976) which has been referred to as ‘‘a cognitive structure corresponding to a problem, 
constructed by a solver based on his domain-related knowledge and its organization’’ 
(Chi, Feltovich, et al., 1981). Then students work together to develop corresponding solu-
tions based on the collaborative cognitive structure in the solution development phase. 
Therefore, group dynamics (i.e., how students interact with each other) is the critical ele-
ment during the process (Chi, Glaser, et al., 1981). Research efforts have been launched 
to understand the influencing factors, the quality of learning outcomes, and the collabo-
ration patterns during these two phases. For example, Chi, Glaser, et  al. (1981) found 
that there are considerable differences between novices and experts in problem-solving. 
Novices will stick to the problem definition or problem-understanding as they work on 
a solution, whereas experts will move forward toward solution development. Kwon et al. 
(2019) found that solution-oriented students gained more domain knowledge than prob-
lem-oriented students. The authors believe that students’ focus more on the problem-
solving process rather than on the problem-understanding process is more conducive 
to the improvement of academic performance. Zheng et al. (2020) coded the online col-
laboration behaviors of students in their study, used the Apriori algorithm to find the 
high-frequency jump relationship between CPS behaviors, and analyzed the collabo-
ration patterns of students with different academic performances. Their results show 
that, at the problem-solving stage, the group with high scores repeatedly modified and 
improved the solution, while the group with low scores seldom modified the possible 
solution after it was proposed.

Literature shows that most CPS studies have obtained data through questionnaires or 
observations. CPS is rooted in the social constructivist view of learning, which asserts 
that in-depth learning occurs when students engage in building a shared understanding 
of a problem through social interactions (Jermann & Dillenbourg, 2008; Pear & Crone-
Todd, 2002). More analytic results culled not merely from perceptual data, are needed 
to understand the details of the individual CPS phases, especially from the aspect of 
group members’ dynamics and the mutual effects of two phases on the quality of CPS 
outcomes.

Physiological synchrony (PS) and brain‑to‑brain synchrony (BS)

The development of emerging technologies opens new possibilities in collecting and 
analyzing students’ behaviors and interactions without interfering in the learning pro-
cess (Chanel & Muhl, 2015). Physiological data, such as EDA, heart rate, gesture, body 
pose, and EEG, reflect the personal physical and/or psychological states of a person 
(Cukurova et  al., 2020; Sharma & Giannakos, 2020). Such data have been adapted to 
make up for some of the gaps in perceptional data analysis (Ashwin & Guddeti, 2020; 
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Dikker et al., 2017; Noroozi et al., 2020). PS is one of the analytic approaches used to 
obtain insights from physiological data. Studies for years in psychophysiology indicated 
that human cognition cannot be separated from the body (Critchley et al., 2013). This 
connection is bidirectional, many of the mental states are reflected in the body’s physi-
ological signals (Pecchinenda, 1996). On the other hand, the physiology of the body 
influences human consciousness and cognition (Critchley & Garfinkel, 2018). PS refers 
to the interdependence of, or the associated activity between, the physiological signals of 
collaborating individuals. It is an unintentional and spontaneous phenomenon that can 
be indexed through measures of the human autonomic nervous system (Palumbo et al., 
2017). PS appears when there are the same attention objects or when there is effective 
interaction, and the phenomenon is that the physiological indicators rise or fall simul-
taneously. Studies have shown that PS can be used to measure whether the interaction 
is effective or whether students are focused on the same item (Stuldreher et al., 2020a, 
2020b). It was found that students who shared their reflected views also showed higher 
physiological synchrony (Haataja et al., 2018). As CPS is rooted in the social constructiv-
ist view of learning, which asserts that in-depth learning occurs when students engage 
in building a shared understanding of a problem through social interactions (Jermann & 
Dillenbourg, 2008; Pear & Crone-Todd, 2002). Thus the PS in the CPS process is mainly 
influenced by the interaction effectivity, and the relationship between PS and learning 
between students and teachers is worth studying (Davidesco, 2020; Nam et  al., 2020). 
Dindar, Järvelä, et  al. (2020) recorded students’ EDA in CPS and analyzed the rela-
tionship between PS and metacognitive experiences. The PS was calculated through a 
Multidimensional Recurrence Quantification Analysis (MdRQA). The results show 
a positive relationship between continuous PS episodes and groups’ collective mental 
effort. Dindar, Malmberg, et  al. (2020) investigated the interplay of temporal changes 
in self-regulated learning processes (i.e., behavioral, cognitive, motivational, and emo-
tional) and their relationship with academic achievement in computer-supported col-
laborative learning. The PS of the dyads in the collaborating groups was determined by 
calculating a single session index. The results show that PS among the collaborating stu-
dents was found to be related to cognitive regulation. Sobocinski et al. (2021) collected 
heart rate data and videos of students during collaboration. The authors combined video 
observation and PS as a possible indicator to identify monitoring and adaptation events. 
The studies have shown that PS is an effective indicator to reflect the process of collabo-
rative learning.

Scalp-recorded electric potentials or electroencephalograms (EEGs) are the most pop-
ular instruments to collect a participant’s brain wave signals. The signals provide esti-
mates of synaptic action at large scales that are closely related to behavior and cognition. 
Thus, EEG has been recognized as a genuine “window on the mind” (Nunez & Srini-
vasan, 2006). The original EEG records electric potentials and can be further divided into 
specific ranges through the frequency, namely the delta (1–4 Hz), theta (4–7 Hz), alpha 
(8–13 Hz), beta (13–30 Hz), and gamma (> 30 Hz) bands (Alarcao & Fonseca, 2019). Dif-
ferent wavebands of the EEG reflect different types of activity in the brain (Alarcao & 
Fonseca, 2019). The literature shows that the delta band is related to signal detection or 
the unconscious mind (Alarcao & Fonseca, 2019). The theta band is positively correlated 
with working memory load or cognitive load (Muthukrishnan et  al., 2020). The alpha 
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band is related to cognitive load and mediation (Chen & Wang, 2018; Yang et al., 2019). 
The beta band is related to attention and decision-making (Chen & Wang, 2018; Yang 
et al., 2019). The gamma band has been demonstrated in a wide range of brain processes, 
including multisensory and sensorimotor integration, attention, memory formation, and 
perceptual binding (Chand et al., 2016; Min et al., 2016). The relationships between the 
EEG bands and brain activities are shown in Table 1.

BS is a type of PS. It refers to the synchronization of brain activity between two or 
more people (Nam et  al., 2020). Compared with PS reflected by EDA and heart rate 
data, BS can reflect students’ cognitive states more accurately (Stuldreher et al., 2020a, 
2020b). Dikker et al. (2017) studied the relationship between BS and the self-reported 
engagement of twelve students in a traditional classroom. BS was computed using the 
method of total interdependence (Wen et  al., 2012). The authors found that students 
with a higher level of BS had higher levels of engagement and social dynamics during the 
lecture. Bevilacqua et al. (2019) came to a similar conclusion in their study. The authors 
calculated the level of BS between students and the teacher and studied the relation-
ship between the level of BS and self-reported engagement level of twelve students in an 
offline lecture. The results show that students with a higher level of BS with the teacher 
had higher levels of perceived engagement and closeness. Davidesco et al. (2019) stud-
ied the relationship between BS and academic performance. The authors calculated the 
BS between students and between students and teachers in a traditional classroom. The 
results show that students with high performance had higher BS with teachers and that 
the BS between students was more pronounced when they learned what they got wrong 
on the pretest and right on the posttest. Due to the limitations of devices, the sample 
sizes of the above studies were between twelve and thirty-six. These studies have shown 
that BS is an indicator that reflects academic performance and the learning process. 
The above studies showed that BS can provide more insights and make up some gaps in 
studies that rely on perceptional data only. However, the studies discussed the relation-
ship between BS and the learning process in a traditional classroom without collabo-
ration. More research efforts should be expended, to understand the CPS process, and 
to study the unique findings that can be extracted from BS. The literature shows that 
most CPS studies analyze the process through PS (Dindar, Järvelä, et al., 2020; Dindar, 
Malmberg, et al., 2020; Sobocinski et al., 2021). As CPS is a process of building a shared 
understanding (Jermann & Dillenbourg, 2008; Pear & Crone-Todd, 2002), BS can better 
serve the research, since it can reflect students’ cognitive state more accurately (Stuldre-
her et al., 2020a, 2020b). Most of the studies have a limit on analyzing the original EEG 

Table 1 Relationships between EEG bands and brain activities

EEG bands Related brain activity

Delta ( δ) The unconscious mind, signal detection

Theta ( θ) Positively correlated with cognitive load

Alpha ( α) Negatively correlated with cognitive load, related with mediation

Beta ( β) Related with attention and decision making

Gamma ( γ) Related with multisensory and sensorimotor integration, 
memory formation, and perceptual binding
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signals (Bevilacqua et al., 2019; Davidesco et al., 2019; Dikker et al., 2017). Since different 
wavebands of the EEG reflect different types of activity in the brain (Alarcao & Fonseca, 
2019), analyzing the BS through different wavebands, rather than through the original 
signal, will help reveal the CPS in more detail.

Methods
Participants

The participants comprised thirty-six undergraduates (15 males and 21 females) from 
a higher education institution in China. The participants were recruited from one class 
and were randomly assigned into groups with three students. The average age of the par-
ticipants was 21.35. All students self-assessed their CPS skills through the social prob-
lem-solving inventory revised survey (SPSI–R) (D’Zurilla et al., 2002) during the pretest. 
Each participant was informed of the purpose and procedure of the experiment, and 
each signed an informed consent form for the experiment. Everyone became used to 
wearing an electroencephalograph in class after a semester of adaptation.

Materials

The experiment was carried out in a simulated online CPS environment in a Computer 
Networking course that adopted a network simulator called Cisco Packet Tracer for 
online collaboration. The visualization and network simulation tool allows students to 
construct and program network devices collaboratively and observe the outcomes in a 
real-time matter.

The CPS task was a simulation task in which students, acting as the network 
administrators of the school, discussed how to construct a network to enable net-
work interactions among three colleges and, at the same time, to meet the needs of 
each college for the use of the network. To better solve the task, students needed 
to consider how to allocate a CIDR address block to three colleges and meet the 
requirements of the number of IPs in each college. Since each college had different 
IP numbers and LAN requirements, each student in the group needed to set up a 
college network and select the right number of routers, switches, and servers. To 
explore the process of online CPS, the collaborative task was divided into two stages 
[i.e., the collaborative problem-understanding stage (PUS) and the collaborative 
problem-solving stage (PSS)] (Jermann, 2004). The problem-solving question given 
at the problem-understanding stage was “The university’s IT office is going to assign 
the following subnet, 192.0.64.0/22, to four colleges. As a network administrator of 
the IT office, you oversee allocating these IP addresses to meet the needs of individual 
colleges and at the same time, simplify network management and optimize network 
performance. The total numbers of IP addresses needed by individual colleges are 
School of Mathematics (required 126 IPs), School of Physics (required 120 IPs), School 
of Chemistry (required 500 IPs), and School of Biology (required 240 IPs). In addition, 
each college needs its subnet. You need to work with your group members to compile a 
table to list the needs of individual colleges after group discussion, including the fol-
lowing table columns— the binary number required for the host number, the design-
assigned network number, the subnet mask, the maximum available address, and 
the minimum available address.” At the problem-solving stage, each group needs to 
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complete the network configurations of individual colleges and the necessary con-
figurations to enable communications among colleges and devices. All networking 
tasks were completed on the Cisco Packet Tracer, which allows multiple users to 
configure a network independently or collaboratively. Therefore, a group can choose 
to allocate each of the group members different tasks, or they can just work on the 
same task together, depending on their problem-solving strategies. As part of the 
learning outcomes, each group needs to complete a network topology for individual 
colleges with configured network devices, including routers, switches, and end-user 
devices. All activities were completed fully online and students used the VooV meet-
ing (https:// voovm eeting. com/) for group discussion. The tool provided real-time 
video conferencing with functions of a whiteboard, screen share, and collaborative 
annotations. All meetings were recorded for discussion content analysis.

The EEG signals were collected through portable EEG devices during the collab-
orative activity. Both traditional electroencephalograph and portable EEG devices 
can measure EEG. The portable EEG device has fewer channels than a traditional 
electroencephalograph, but it offers similar results (Li et  al., 2020). Moreover, the 
portable EEG device is easy to wear, and it can be applied on a large scale in a real 
classroom environment, which a traditional electroencephalograph cannot do 
(Xu & Zhong, 2018). In this experiment, we used a type of brain wave monitoring 
device, the core component of which was the ThinkGear Asic Module (TGAM). The 
sampling frequency of the device is 512 HZ and, in research, it can be used on the 
forehead (referred to as the FP1 area in neuroscience) to measure high-precision 
electroencephalogram signals. The reliability and the accuracy of the equipment 
have been verified by relevant studies (Rebolledo-Mendez et al., 2009; Yasui, 2009). 
The device adopted in this study generates the following EEG signals: delta, theta, 
low alpha, high alpha, low beta, high beta, low gamma, high gamma, attention, and 
mediation. The first eight signals were separated from the original EEG signal and 
the rest of the two were computed from the device’s built-in algorithms.

Procedure

At the beginning of the experiment, students wore portable EEG devices and were told 
about the procedure. After that, students had ten minutes to finish the SPSI–R sur-
vey. Next, during the problem-understanding stage, each group had fifteen minutes 
to understand the problem by observing and analytical reasoning before starting with 
the problem-solving task by experiment design and hypothesis verification. Each of the 
groups was asked to submit a worksheet that lists key information of their group-gen-
erated solution in IP address range, the number of usable devices, subnet masks, broad-
cast IDs, and network IDs. Then, at the problem-solving stage, each group had another 
thirty minutes to complete the network configurations on Cisco Packet Tracer. The per-
formance of the group was evaluated by the instructor and two teacher assistants based 
on the following criteria: (1) whether the group fully listed the overall networking needs 
and the needs of individual colleges; (2) whether all devices can communicate with each 
other; (3) whether the network speed is optimized; (4) whether the network layout is 
easy to manage and maintain. The procedure of the CPS activity is shown in Table 2.

https://voovmeeting.com/
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Data analysis

Brain to brain synchrony

To compute BS between students, we employed a synchrony measure known as phase 
locking value (PLV) (Perez et  al., 2017), which was calculated for every pair of stu-
dents in the group, across all brain wavebands. The PLV is an indicator of the level of 
BS within the value range from zero to one. A higher PLV value means a higher level 
of BS. This measure reflects the mean phase coherence of angular distribution. The 
PLV is expressed in Eq. (1), where T is the number of time points, ϕ(t,n) is the phase of 
trial at time t in band n, in student ϕ , ψ(t,n) in student ψ.

Statistical analysis

The EEG data were collected during problem-understanding and problem-solving 
stages, each student collected 45 min of EEG data and generated a record containing 
all band intensities every second. A total of 97,200 pieces of EEG data were collected 
in this experiment. This research focuses on the analysis of the characteristics of BS 
in CPS. To eliminate the interference of the individual signal strength, the intensity 
of each band was transformed via range transformation (Wang et al., 2021). The PLV 
was used to measure the level of BS between group members. Therefore, the PLV 
between any of two students in the same group was calculated.

Results
The characteristics of BS in online CPS

Initially, to analyze the difference in the BS characteristics between the problem-
understanding and problem-solving stages, T-tests were conducted to compare BS 
levels among students between two CPS stages (see Table 3). Table 3 shows there are 
significant BS level differences in the brain activities including attention ( β ), media-
tion (low α ), cognitive load ( θ and low α ), decision making ( β ), memory ( γ ), and per-
ception ( γ ) between CPS stages. In these bands, the problem-understanding stage 
had a significantly higher BS level than the problem-solving stage.

(1)PLV (t,n) =
1

T

T

t=1

e
i(ϕ(t,n)−ψ(t,n))

Table 2 Procedures of the CPS activity

Procedure Time length Operation

Prepare 5 min Inform the students of the process and purpose of the 
experiment, and wear and adjust the EEG equipment for the 
students

Questionnaire 10 min The students finish the SPSI–R

Problem‑understanding stage (PUS) 15 min The groups understand the collaborative learning task and 
answer the questions in the report

Problem‑solving stage (PSS) 30 min The groups work together on the solution and present their 
solution in the report
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Secondly, to analyze the relationship between the level of BS and task performance. 
The linear relationship between task performance and BS in each band was analyzed. 
The task performance was scores of collaborative task reports graded by the teacher. 
The dependent variable was task performance. The independent variables were the 
level of BS in each stage and each band. Factors extracted from the Linear Regression 
model through the backward method can explain 51.3% of the variances in groups’ 
task performance (see Table 4). Significant factors were the level of BS in brain activi-
ties including unconscious mind ( δ ), attention (attention), memory (high γ ), and per-
ception (high γ ) at the problem-solving stage.

All of the significant factors were from the problem-solving stage. That means BS lev-
els at the problem-solving stage directly influenced the CPS task performance. Moreo-
ver, the synchrony in attention was negatively correlated with the CPS task performance.

The differences in BS between collaborative groups with different CPS skills

To reveal how CPS skills influenced group performance from the aspects of BS levels in 
different brainwave signals, ANOVA was conducted to compare BS levels of different 
group constitutions at two CPS stages. To understand the constitutions of students with 
different CPS skills in groups, the overall average was used as the baseline. CPS skills 

Table 3 Comparison of BS level between problem‑understanding and problem‑solving stages

*p < 0.05

Band Mean value Standard value T P value

Attention 0.0142 0.0479 1.775 0.085

Mediation 0.0085 0.0470 1.129 0.267

Delta 0.0065 0.0433 0.901 0.374

Theta 0.0152 0.0358 2.539 0.016*

Alpha_low 0.0107 0.0246 2.602 0.014*

Alpha_high 0.0102 0.0346 1.771 0.085

Beta_low 0.0203 0.0300 4.060 0.000*

Beta_high 0.0226 0.0392 3.451 0.001*

Gamma_low 0.0239 0.0409 3.508 0.001*

Gamma_high 0.0290 0.0346 5.025 0.000*

Table 4 Results of linear regression in identifying important performance predictors from BS levels 
in brainwave signals

1 PUS: Problem‑understanding stage
2 PSS: Problem‑solving stage

*p < 0.05

Band Beta T P

Attention(PUS1) − 0.199 − 1.329 0.195

Alpha_low(PUS) 0.256 1.618 0.117

Beta_low(PUS) − 0.350 − 1.210 0.237

Attention(PSS2) − 0.383 − 2.528 0.018*

Delta(PSS) 0.493 2.875 0.008*

Theta(PSS) − 0.291 − 1.822 0.079

Alpha_high(PSS) − 0.430 − 1.566 0.129

Gamma_high(PSS) 0.435 2.250 0.033*
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were higher than the baseline called high CPS students. CPS skills were lower than the 
baseline called low CPS students. The high group (HG, hereafter) represents a group 
consisting of all high CPS students, and the low group (LG, hereafter) represents a group 
consisting of all low CPS students. Then the High-Low Group (HLG, hereafter) repre-
sents a group with a mix of high and low CPS students. After random grouping, there 
were two HGs, one LG, and ten HLGs in this study.

After figuring out the CPS skills of each group, ANOVA was used to analyze the char-
acteristics of BS across different wavebands in different types of collaborative groups. 
The results are shown in Table  5. It can be found that, at the problem-understanding 
stage, three types of collaborative groups showed a significant difference in the level of 
BS in the brain activities including unconscious mind ( δ ), attention (high β ), decision 
making (high β ), memory (high γ ), and perception (high γ ). At the problem-solving 
stage, three types of collaborative groups showed a significant difference in the level of 
BS in the brain activities including unconscious mind ( δ ), memory (high γ ), and percep-
tion (high γ ). The Scheffe post-hoc method was used for further comparisons. The fol-
lowing bands show significant results.

• The problem-understanding stage

• Delta: LG > HLG > HG, only LG > HG and HLG > HG were significant

Table 5 Comparison of BS level between different types of groups at problem‑understanding and 
problem‑solving stages

1 PUS: Problem‑understanding stage
2 PSS: Problem‑solving stage

*p < 0.05

Band F P‑value

Attention  (PUS1) 0.421 0.660

Mediation (PUS) 0.007 0.993

Delta (PUS) 10.369 0.000*

Theta (PUS) 1.731 0.193

Alpha_low (PUS) 2.787 0.076

Alpha_high (PUS) 1.815 0.179

Beta_low (PUS) 1.994 0.152

Beta_high (PUS) 3.963 0.029*

Gamma_low (PUS) 1.123 0.337

Gamma_high (PUS) 4.815 0.015*

Attention  (PSS2) 1.171 0.323

Mediation (PSS) 0.968 0.390

Delta (PSS) 5.594 0.008*

Theta (PSS) 0.696 0.506

Alpha_low (PSS) 0.816 0.451

Alpha_high (PSS) 1.065 0.356

Beta_low (PSS) 2.509 0.097

Beta_high (PSS) 3.285 0.050

Gamma_low (PSS) 1.650 0.208

Gamma_high (PSS) 3.315 0.049*
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• High beta: HG > HLG > LG, only HG > LG and HLG > LG were significant
• High gamma: HG > HLG > LG, only HG > HLG and HG > LG were significant

• The problem-solving stage

• Delta: LG > HLG > HG, only HLG > HG was significant
• High gamma: HG > HLG > LG, only HG > LG was significant

Because Table  5 found significant BS level differences in the following aspects—
unconscious mind ( δ ), attention (high β ), decision making (high β ), memory (high γ ), 
and perception (high γ ), these signals’ average PLV values were computed to further 
explore the characteristics of BS in the HG, LG, and HLG groups. The delta band 
was excluded from the comparisons because its effect on learning is still unknown. 

Fig. 1 The mean of PLV values of beta bands at the problem‑understanding stage

Fig. 2 The mean of PLV values of high gamma bands at the problem‑understanding stage
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Figures 1, 2, 3 compare the average PLV values of individual groups in beta (problem-
understanding), gamma (problem-understanding), and gamma (problem-solving) 
respectively. HG, HLG, and LG are coded in green, yellow, and red. The dashed lines 
represent the lowest average PLV values among HG groups. Generally speaking, HG 
groups show higher BS levels and LG groups show lower BS levels in the following 
aspects—unconscious mind (δ), attention (high β), decision making (high β), memory 
(high γ), and perception (high γ). However, HLG can be divided into two conditions—
HLG with higher BS levels and HLG with lower BS levels. HLG groups with higher BS 
levels represent the groups’ BS levels that are over the dashed line, such as group 3 in 
Fig. 2. After examining other data, HLG groups with higher BS levels have the follow-
ing characteristics. Each of the groups contains at least one high CPS skill student. In 
Fig. 1, the high CPS skill student showed a higher level of beta-band intensity. That 
means the student was very focused and tended to be positive thinking. The student 
led the group discussions resulted in a higher BS level. In Figs. 2 and 3, the high CPS 
skill student showed a higher level of gamma-band intensity. That means the student 
was trying to understand the discussion contents and recall the knowledge related to 
the problem.

Qualitative analysis of group discussions

To further validate or interpret analytic results from the EEG signals, all group con-
versations were recorded and transcribed. The qualitative part mainly focuses on 
comparing discussion frequencies and contents in HG, LG, and HLG groups. In the 
previous section, groups of HG, LG, and HLG show significant differences in the fol-
lowing signals—the high gamma (at both stages) and the low beta (at the problem 
understanding stage). These signals were used to further divide HLG groups into 
HLG with high BS levels (if the group showed similar average BS levels as the HG 
groups) and HLG groups with low BS levels (if the group showed lower average BS 
levels than the HG groups). The results of interaction frequency (see Table 6) show 
that HG groups had the highest average frequencies of interactions, while LG groups 

Fig. 3 The mean of PLV values of high gamma bands at the problem‑solving stage
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had the lowest average frequencies of interactions. HLG groups with high BS levels 
show higher interaction frequencies than HLG with low BS levels. Overall, groups 
with higher BS levels had intensive oral discussions at both stages. Moreover, HG 
groups had higher interaction frequencies at the problem-understanding stage than 
in the problem-solving stage, while the other groups had higher interaction frequen-
cies at the problem-solving stage. From the aspect of discussion contents, HG groups 
focused on the discussions of knowledge related to the problem-solving, for strategy 
confirmation or knowledge exchange at the problem-solving stage. For example, HG 
students had the conversions like “The maximum address here is 67. So, so the 8-bit 
is 255.0, right?” and “Why do we need to change the subnet mask? I don’t think we 
need to change the subnet mask.” At the problem-solving stage, in addition to dis-
cussing the knowledge related to the problem and the solution, they also frequently 
shared screens to better explain their ideas or network configurations. On the other 
hand, the LG groups had fewer oral discussions at both stages. At the problem-under-
standing stage, LG students mainly discussed task allocation, but not the strategies 
or knowledge related to problem-solving. At the problem-solving stage, LG students 
mainly focused on completing their tasks. For example, LG group students had the 
following conversations. “What is your gateway?” and “I will ping you.” The HLG with 
high BS levels had similar collaboration patterns to the HG groups. The HLG groups 
also focused on the discussions of knowledge related to the problem-solving, for 
strategy confirmation or knowledge exchange at the problem-solving stage. In addi-
tion, the students with high CPS skills led most of the discussions. At the problem-
understanding stage, HLG with high BS levels had conversions like “I don’t think the 
third is 255 since all the ones in front and all the zeros in the back.” At the problem-
solving stage, they discussed the knowledge related to the solution and shared their 
screens frequently. The HLG with low BS levels acted like the LG group. The students 
in HLG with low BS levels had little verbal interactions. The students with high CPS 
skills try to lead the discussion, but other students in the group responded with very 
short answers and just obeyed the orders without rich discussions. For example, the 
students with high CPS gave orders “You put in two PCs and one switch. Yeah. Two. 
Yeah.” and “You can click setting, setting, and set the gateway to 192.0.65.1.” Another 
situation in HLG groups with low BS levels is that one student tried to solve the prob-
lem alone. There were conversions like “I’ll figure everything out and then I’ll tell you 

Table 6 The average number of interaction times in HG, HLG, and LG

1 PUS: Problem‑understanding stage
2 PSS: Problem‑solving stage

Group type The average number of interaction times

At whole process At  PUS1 At  PSS2

HG 490.5 294 196.5

LG 140 35 105

HLG 274.5 100 174.5

HLG with high BS levels 424 170 254

HLG with low BS levels 200 57 143
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how to fill the blanks.”. Based on the results, HG and HLG with high BS levels had bet-
ter discussions on the aspects of interaction frequencies and content quality.

Discussion
The problem‑understanding stage had a significantly higher level of brain‑to‑brain 

synchrony than the problem‑solving stage

Table  3 compared the BS levels of different brainwave signals at different CPS stages. 
Below summarizes significant results and their corresponding brain activities.

• The problem-understanding stage > the problem-solving stage in the following sig-
nals:

• Theta: positively correlated with cognitive load
• Low alpha: negatively correlated with cognitive load, related with mediation
• Low and high beta: related to attention and decision making
• Low and high gamma: related to multisensory and sensorimotor integration, 

memory formation, and perceptual binding

The problem-understanding stage had a significantly higher level of BS than the 
problem-solving stage. The significant difference in the gamma band has been analyzed 
before; students try to understand the same problem, so that has a higher synchroniza-
tion in memory and perception (Chand et al., 2016; Min et al., 2016). The theta band is 
positively correlated with the cognitive load (Muthukrishnan et  al., 2020). The higher 
level of synchrony of the theta band at the problem-understanding stage may also be 
since students read the same question and try to reach a consistent understanding of 
the question during this process, so they have a higher level of synchrony in the cogni-
tive load. The beta band is related to the attention and decision-making activities of the 
human brain (Chen & Wang, 2018; Yang et al., 2019). Students at the problem-under-
standing stage show a higher level of synchrony in this band, which may be because 
students have common attention objects and are thinking about the same problem. 
Previous studies showed the BS level is highly corrected with oral interaction. At the 
problem-understanding stage, students tried to understand the same questions and 
requirements as a group. However, individual students might be assigned to focus on 
different tasks at the problem-solving stage. Therefore, the levels of BS were decreased. 
Because of the characteristic differences between these two stages, it might be better to 
design a CPS with two or more stages. In addition, supporting or encouraging group dis-
cussions is crucial at the problem-understanding stage. Strategies like question prompt 
or role-play strategies might be used to support group discussions.

The brain‑to‑brain synchrony of the attention, delta, and high gamma bands 

at the problem‑solving stage is significantly correlated with task performance

Table  4 identified what brainwaves’ BS levels are significant predictors at both CPS 
stages toward the quality of the final solutions proposed by individual groups. Below are 
summaries of significant performance predictors:
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• The problem-understanding stage:
• None

• The problem-solving stage:

• Attention (related to focusing attention): the BS is significantly negatively cor-
related with performance.

• Delta (related to the unconscious mind, signal detection): The BS is signifi-
cantly positively correlated with performance.

• High gamma (related to multisensory and sensorimotor integration, memory 
formation, and perceptual binding): the BS is significantly positively correlated 
with the performance.

The results indicate all significant predictors came from the problem-solving 
stage. The results implied the importance of CPS skills during the problem-solving 
stage. As each of the group members might be assigned different tasks, how coor-
dinating the collaboration process and integrating everyone’s work into the final 
solution is the key to success. Therefore, group members’ CPS skills might play an 
important role at this stage. The inference is also supported by comparing BS lev-
els and performance among different group constitutions. The BS of Attention at 
the problem-solving stage is negatively correlated with task performance, which may 
be because group members no longer need to focus on a specific content together 
at the problem-solving stage. Instead, individuals focused and worked on different 
points. The BS in the gamma band at the problem-solving stage is positively cor-
related with task performance. The gamma band is related to brain memory percep-
tion and other activities. The BS in this band indicates that students memorize or 
understand at the same time when discussing solutions, and such BS in memory and 
understanding is conducive to collaborative learning. The findings consisted of con-
clusions from related works. Kwon et al. (2019) found that investment at the prob-
lem-solving stage was more conducive to improving collaboration performance than 
an investment at the problem-understanding stage. Further, through the exploration 
of the collaborative learning mode, relevant studies have found that the main reason 
for the difference in the performance of the collaboration group lies in whether the 
plan is effectively discussed and improved at the stage of problem-solving (Chang 
et al., 2017; Zheng et al., 2020). In addition, the BS of the delta band is also positively 
correlated with task performance. Delta band is related to subconscious brain activ-
ity (Alarcao & Fonseca, 2019). The meaning of the BS of the delta band and its sig-
nificance in collaborative learning remains to be further explored.

Since the BS at the problem-solving stage is more important to the performance 
of collaborative tasks than that at the problem-understanding stage, it is necessary 
to strengthen students’ collaboration in this portion or to add appropriate guidance 
when designing online collaborative learning. The detection of the BS in online col-
laborative activities and the intervention based on collaborative efficiency obtained 
through the BS should also focus on the problem-solving stage.
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Different types of collaboration groups have significant brain‑to‑brain synchrony 

differences in the delta and high gamma bands during the problem‑understanding stage 

and the problem‑solving stage

Table 5 compares the BS levels of different brainwave signals among three group consti-
tutions at both BS stages. The significant signals and their corresponding brain activities 
can be summarized as follows:

• The problem-understanding stage:

• Delta (related to the unconscious mind, signal detection): LG > HG and HLG > HG
• High beta (related to attention and decision making): HG > LG and HLG > LG
• High gamma (related to multisensory and sensorimotor integration, memory for-

mation, and perceptual binding): HG > HLG and HG > LG

• The problem-solving stage:

• Delta (the unconscious mind, signal detection): HLG > HG
• High gamma (related to multisensory and sensorimotor integration, memory for-

mation, and perceptual binding): HG > LG

Only HLG and LG groups had significant BS levels in delta signals. These findings 
might imply the delta signal is correlated with the low prior CPS experiences or low CPS 
skills. However, as mentioned earlier, how this signal is related to learning is still unclear 
(Alarcao & Fonseca, 2019). Therefore, additional studies can be conducted to reveal their 
relationships. In the high gamma band, the HG had higher BS, indicating that the collab-
orative group composed of students with high CPS skills had a common focus on mem-
ory and the perception of content. In addition, at the problem-understanding stage, the 
HG had higher BS in the high beta band, which did not appear at the problem-solving 
stage, indicating that the students in HG had a higher level of synchrony of attention in 
the problem comprehension. Every group member was clear about their role and tasks.

The high‑low groups could have similar brain‑to‑brain synchrony levels to the high group

By plotting the PLV values and the mean band intensity of any two students in each 
group (see Figs. 1, 2, 3), it was found that the HLG had polarization in PLV values. In 
the high beta and high gamma bands of both stages, several of the HLG had similar BS 
levels to the HG. In these groups, it was found that the students with high CPS skills 
were more active in brain activity, played a leading role in the process of collaboration, 
and guided the rest of the students to cooperate. The results consisted of the findings of 
(Andrews-Todd & Forsyth, 2020), that collaborative groups were more likely to have bet-
ter academic performance when there was at least one student with strong CPS ability in 
the group.

The qualitative analyses show that the HG and HLG with high BS levels had higher 
conversation frequencies and discussion quality, while the LG and HLG with low BS 
levels had low conversation frequencies and discussion quality. This means that groups 
with a higher level of BS have more effective interactions. The result validated our find-
ings, (a) BS levels can be an effective indicator to evaluate the process of CPS, and (b) 
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groups with different CPS skills have different characteristics on BS levels. In addition, 
HLG groups might not always have effective discussions. As HLG might be the most 
common group constitution in CPS, how to support and facilitate an HLG group con-
ducting effective discussions is important in the CPS activity. Moreover, HG groups had 
higher interaction frequencies at the problem-understanding than the problem-solving 
stage, while the other groups had a higher interaction frequency at the problem-solving 
stage. Based on the conversation observation, HG groups had discussed the problems 
sufficiently at the problem-understanding stage, so group members mainly focused on 
the solution-related discussions at the problem-solving stage. On the other hand, the 
rest of the groups often overlooked or missed some key discussion points at the prob-
lem-understanding stage, and had to discuss these missing parts at the problem-solving 
stage. Therefore, instructors might consider providing additional guidance to support 
group discussions on the problem-understanding.

A group with only high CPS skill students could have better collaborative performance 
in online collaborative learning. However, this kind of group is not conducive to the 
learning of all students. Rather, organizing the group with students at different levels of 
CPS skills is better for all students and this model can achieve BS levels similar to those 
of the HG. To make this kind of mixed type group achieve better collaborative perfor-
mance, it is necessary to conduct effective guidance. How to evaluate the interaction 
quality through the students’ BS levels, and how to provide intervention so that all the 
groups can better collaboratively learn are questions to be studied.

Limitations

This study also has the following limitations. To capture the actual brainwave activities 
during the CPS activities, this study did not group students based on their CPS skill lev-
els. The random grouping generated unbalanced numbers in HG, HLG, and LG groups. 
This study was limited to the maximum number of concurrent Bluetooth device connec-
tions, and only recruited thirty-six participants in a computing course (i.e., Computer 
Network course). Although the sample size is similar to related studies, larger sample 
size may help to discover more interesting and generalizable findings. In addition, find-
ings in this study might not be generalized to different subject areas.

Conclusion
This study analyzed students’ learning processes in the CPS activity from the aspects 
of cognitive neuroscience. First, BS shows as an effective indicator for observing group 
interactions during collaborative problem-solving and provides insights for teachers and 
researchers to further understand the CPS process. Second, the analytic results show com-
mon and unique characteristics at the problem-understanding and problem-solving stages. 
The problem-understanding stage had a significantly higher BS level than the problem-
solving stage in most of the EEG bands. The results show expectations and requirements 
of these two stages are different and might require different CPS skills to achieve better 
learning outcomes. Therefore, how to support or evaluate individual students at these 
two stages more effectively would be a follow-up study. BS can still serve as an indicator 
to observe how personalized supports impact students’ EEG signals. Third, although the 
problem-solving stage had a lower BS level in most of the EEG bands, the results indicate 
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the BS levels at the problem-solving stage directly influenced the CPS task performance. 
The findings also validated the conclusions from other studies. Finally, groups with higher 
BS levels showed more effective interactions in terms of discussion frequencies and discus-
sion quality. Instructors should avoid assigning a group with all low CPS skill students or 
should provide basic CPS skill training before working on the CPS activity. However, this 
study also found that HLG groups (i.e., a mix of high and low CPS skill students) might lead 
to totally different interactions. As the combination is likely to be the most common type in 
practice, how to provide in-time and personalized support to foster effective interactions 
becomes an important research topic. Future studies can concentrate on the development 
of early-warning mechanisms or effective discussion interventions by tracking group BS 
levels, especially focusing on the HLG group constitution.

As an instructional approach, a CPS activity aims to get students engaged in the instruc-
tional activity and cultivate students’ CPS skills. This study provides evidence from aspects 
of cognitive neuroscience to support its effectiveness as an instructional approach in 
online learning. With the development of emerging technologies, more and more wearable 
devices can be used to track students’ physiological changes during the learning process. 
This study serves as a starting point in this endeavor. More research efforts in this area can 
be expected in near future.
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