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A B S T R A C T   

Self-regulated learning theory acknowledges the importance of an individual's metacognitive monitoring and 
group-level regulation for learning achievement in collaborative learning. However, very few studies have 
empirically investigated the interplay of these factors. This study aimed to investigate how groups' metacognitive 
interactions, group-level regulation, and individuals' metacognitive monitoring accuracy together predict stu-
dents' learning achievement. Thirty groups of secondary school students (n = 94) attended a five-week physics 
course involving four 90-min lessons. Each lesson included a collaborative learning session in which the students 
solved physics problems in groups of three. After each session, the students filled out a quiz that evaluated their 
learning of the core concepts related to each lesson. The students' collaborative learning was video-recorded 
using 360-degree cameras. First, the groups' metacognitive interaction, co-regulation (CoRL), and socially 
shared regulation (SSRL) during collaborative learning were coded from the video data. Second, the students' 
metacognitive monitoring accuracy was determined in relation to quizzes presented at the end of each collab-
orative session. Each student's learning achievement was assessed at the end of the course with an individual 
written exam. Bayesian multilevel models were used to analyze the nested data. The results showed that the 
frequency of metacognitive interaction was positively related to learning achievement. However, the relation 
between CoRL and learning achievement was moderated by monitoring accuracy and metacognitive interaction. 
The relation between CoRL and achievement was positive when coupled with a high frequency of metacognitive 
interactions but negative under a low frequency of metacognitive interactions. In addition, in line with theory, 
the students with lower monitoring accuracy achieved higher learning when CoRL was frequent in a group. Due 
to the low occurrence of SSRL, its relation with learning achievement could not be analyzed. No reliable evidence 
for the relation between monitoring accuracy and learning achievement was found. The results highlighted the 
complex interplay of individual-and group-level factors related to collaborative learning outcomes.   

1. Introduction 

Collaborative learning promotes students' learning achievement 
(Chen et al., 2018; Jeong et al., 2019). The following is the central 
mechanism that facilitates learning: in collaborative learning, students 
construct and maintain a shared understanding of their problem through 
social interaction (Roschelle & Teasley, 1995). This presumes awareness 
not only of students' own thinking but also of other group members' 
thinking and verbalizing these views to each other (Kuhn, 2015; Winne 
et al., 2013). In other words, students need to engage in metacognitive 
interaction (Hurme et al., 2006; Järvelä et al., 2016). Previous research 
has suggested that social interaction relates to metacognition and 

contributes to successful learning (Artz & Armour-Thomas, 1992; Sal-
onen et al., 2005). It increases students' awareness of their own and of 
others' learning processes, supports knowledge construction, and en-
ables efficient use of strategies (Isohätälä et al., 2020). 

However, collaboration is not always easy, and students can face 
cognitive (Koivuniemi et al., 2018) and socioemotional challenges 
(Näykki et al., 2014). Recent research has indicated that productive self- 
, co-, and socially shared regulation can keep collaborative learning 
going on efficiently (De Backer, Van Keer, Valcke, 2021b; Malmberg 
et al., 2017; Rogat & Linnenbrink-Garcia, 2011). In particular, co- 
regulation of learning (CoRL) can switch the courses of learning for in-
dividuals and a group, as it involves recognition of a cognitive, 
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motivational, or socioemotional challenge in the learning process and 
proposal to change and control the situation, followed by an adaptive 
change in the learning activity (Hadwin et al., 2018). CoRL can further 
switch into socially shared regulation of learning (SSRL), where students 
collectively negotiate and build upon each other's perspectives to co- 
constructively plan, monitor, and control their learning (Hadwin 
et al., 2018; Malmberg et al., 2017; Schoor et al., 2015). These group- 
level regulation processes are central for collaboration, as they not 
only enable adaptation when facing challenges (Sobocinski et al., 2020) 
but also hold the potential to advance individual learning processes 
(Winne et al., 2013). Yet, only a few studies have investigated the 
relationship between CoRL and SSRL in collaborative learning and 
learning achievement. 

Simultaneously, the relation of CoRL and SSRL with individual 
metacognitive processes has been considered understudied (De Backer, 
Van Keer, Valcke, 2021a; Schnaubert et al., 2021). In theory, co- 
regulation and socially shared regulation have been hypothesized to 
interact with individuals' metacognitive characteristics (Winne et al., 
2013). One such characteristic known to be at the core of self-regulated 
learning is metacognitive monitoring accuracy (Hacker & Bol, 2019), 
which refers to the alignment of the students' believed comprehension 
with their actual level of comprehension in learning (Winne & Hadwin, 
1998; Winne & Jamieson-Noel, 2002). Though there is evidence that 
metacognitive monitoring informs students' decisions about learning 
(Metcalfe & Finn, 2008), practically no empirical studies have investi-
gated how monitoring accuracy interplays with group-level regulation. 
For example, CoRL should hold a unique role concerning individual 
students' monitoring accuracy, as it can align their views on how 
learning is currently progressing (Winne et al., 2013). Consequently, 
CoRL has the potential to make metacognitively less accurate students 
more aware of what they know and do not know, which can further 
inform better use of strategies, therefore relating to learning 
achievement. 

We agree with researchers (Volet et al., 2017; Volet et al., 2019) 
suggesting that more empirical research is required to verify and better 
understand the multilevel interplay of group-level regulatory processes 
and individual metacognitive characteristics, such as monitoring accu-
racy. The present study contributes to the yet scarce research investi-
gating how regulatory processes of collaborative learning relate to 
learning achievement. In particular, it observes secondary school stu-
dents' collaborative learning and how metacognitive interactions, 
group-level regulation, and metacognitive monitoring accuracy relate to 
achievement in the course exam. Furthermore, this study aims to evi-
dence the interplay that prior research has hypothesized to exist be-
tween these metacognitively grounded variables. The findings 
contribute to an emerging wave of empirical research looking at regu-
lation in collaborative learning from the multilevel perspective of in-
dividuals positioned in groups. 

2. Background 

2.1. Metacognition in collaborative learning interactions 

Collaborative learning comprises a group of students holding a 
shared task on which they are assigned to work together and find a so-
lution. This setting has various potential benefits for learning outcomes. 
When students present their ideas and opinions and consider each 
other's ideas and understanding, it activates individuals' cognitive pro-
cesses, strengthening their existing mental models and repairing and 
filling the gaps in fragmented and incomplete ones (Chi, 2000; Webb, 
2013). Forming mental models can be amplified by sociocognitive 
conflicts, where students inspect each other's views critically (Bell et al., 
1985; Weinberger et al., 2005), or peer scaffolding, where students 
support each other's learning with thought-provoking questioning and 
responding (De Backer et al., 2015; Pifarre & Cobos, 2010). These 
collaborative processes can contribute to transactivity, where students 

refer to and build on each other's contributions (Teasley, 1997; Wein-
berger et al., 2007), resulting in the co-construction of shared knowl-
edge (Vuopala et al., 2019). 

Despite the benefits of collaborative learning, it is not always effi-
cient or productive (Kreijns et al., 2003). The quality of interactions 
contributes to individual performance and outcomes of collaborative 
learning (Barron, 2003; Weinberger et al., 2007) and is affected by 
(meta) cognitive (Chiu & Kuo, 2009; Molenaar et al., 2014), socio-
emotional (Lobczowski, 2020; Näykki et al., 2014), and motivational 
(Rogat et al., 2013) processes. From a cognitive perspective, less suc-
cessful collaborative learning seems to be characterized by students' 
parallel working and ignorance of other group members' contributions. 
In contrast, in productive forms of collaborative learning, students are 
metacognitively active and able to directly engage with each other's 
thinking (Kuhn, 2015), evaluate others' ideas carefully and politely, 
express and justify their own ideas, and explain their answers to group 
members' questions (Chiu & Kuo, 2009). This means that, during the 
collaboration, students' interaction is not focused just on the task con-
tent itself but also involves metacognitive interaction, that is, interaction 
targeted toward their own and fellow group members' thinking. For example, 
Kuhn (2015, p. 4) stated, “This socially mediated metacognitive talk 
about thinking may be a key factor in conferring any benefit the 
collaboration activity provides.” 

It is the forming of a shared understanding of a problem between 
group members that invites students to metacognitively monitor their 
own understanding and infer how other group members think about the 
problem at hand. This can further evoke verbal elaboration on how each 
student thinks about their own and their group members' thinking, 
taking a form of interaction involving metacognition, which we call 
metacognitive interaction. This is to say that metacognitive interaction 
targets a cognitive process as an object, such as task understanding, prior 
knowledge, problem-solving strategies, cognitive products, or task 
progress (Artz & Armour-Thomas, 1992; Dillenbourg et al., 1996; Winne 
& Hadwin, 1998). It focuses on how to carry out cognitive operations, in 
contrast to cognitive interactions, which additionally involve carrying 
out these operations (e.g., reading, exploring, and implementing). In 
metacognitive interactions, students might, for example, consider 
whether they understand the task correctly or if the solution for the task 
sounds reasonable. 

Being metacognitively active requires motivation and effort but 
holds many potential benefits for learning (Winne, 2018). From an in-
formation processing perspective, metacognitive interactions can 
encourage students to monitor their understanding and develop an 
awareness of their misconceptions or gaps in knowledge, which can 
trigger seeking new information for correction (Webb, 2013). Therefore, 
metacognitive interactions can contribute to higher transactivity (De 
Backer et al., 2017; Järvelä et al., 2021; Teasley, 1997), knowledge 
construction (Hmelo-Silver, 2003; Roschelle & Teasley, 1995), and ul-
timately learning achievement (Kuhn, 2015; Schnaubert & Bodemer, 
2018). However, the empirical evidence dealing with the relationship 
between metacognitive interaction and learning achievement for in-
dividuals is still limited. 

2.2. Regulation in collaborative learning 

Collaborative learning often involves challenges that invite regula-
tion for learning to continue effectively with the task (Hadwin, 2021; 
Koivuniemi et al., 2018). Hadwin et al.'s (2018) model of regulation in 
collaborative learning combines individuals and groups by framing it in 
the sociocognitive theory complemented by the sociocultural theory. In 
the context of collaborative learning, three types of regulation—self-, co- 
, and socially shared regulation—exist (Hadwin et al., 2018). Though 
inherently social, collaborative learning also involves self-regulation of 
learning (SRL), where individual learners take responsibility for and 
control of their own cognitive, behavioral, motivational, and emotional 
processes when needed (Winne et al., 2010). A conceptualization of co- 
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regulation stems from McCaslin (2009), who sees CoRL as a process in 
which the social environment supports the emergence of regulation 
distributed among people, tasks, tools, and environments. In practice, 
CoRL often involves social interactions, with transitional stimulation for 
regulation when needed. It is a dynamic process that provides affor-
dances and restrictions through which SRL and SSRL can be supported 
and thwarted. In contrast, the defining feature of SSRL is co-constructed 
planning, monitoring, evaluating, and controlling of learning through 
the interactions built upon each other. In SSRL, the students together 
take control of the task through negotiated, iterative adjustment of 
cognitive, behavioral, motivational, and emotional conditions/states as 
needed. CoRL can stimulate SSRL, but by definition, it does not involve 
the same level of negotiation and transactivity among group members as 
SSRL does (Hadwin et al., 2018). CoRL, however, can make group 
members more aware of each other's goals, beliefs, and progress and 
make it possible for students to temporarily offload monitoring and 
control to each other or to tools and technologies. Therefore, co- 
regulation can involve acts also referred to as other regulation (Rogat 
& Adams-Wiggins, 2014), whereby others' regulation is directed or 
facilitated. 

While an individual student's metacognitive awareness and partici-
pation in metacognitive interactions is essential in collaborative 
learning, it does not constitute regulation, as such. The regulation of 
learning is multifaceted; thus, in addition to cognition, it can also target 
motivational, emotional, and behavioral aspects of learning. It unfolds 
cyclically over time and is characterized by purposefully responding to 
challenges emerging during the learning process (Hadwin et al., 2018). 
Therefore, any metacognitive expression, such as “I think I understood 
the task,” does not constitute regulation of learning; instead, regulation 
is characterized by strategic adaptation in response to a challenging 
situation (Winne & Hadwin, 2008). In other words, while metacognitive 
interaction is important for SRL, CoRL, and SSRL, regulation refers to a 
specific, purposeful adaptation of thought, motivation, emotion, and 
behavior in response to challenging situations (Hadwin et al., 2018). 

Despite the growing research on regulation, only a few studies have 
investigated the role of metacognitive interaction and regulation in 
collaborative learning for learning achievement (Panadero & Järvelä, 
2015). The evidence presented so far suggests that metacognitive in-
teractions make a difference for groups' knowledge-building and quality 
of task products (Haataja et al., 2021; Molenaar et al., 2014; Zheng et al., 
2019) by contributing to the accuracy of held views about the task 
(Bahrami et al., 2010) and better coordination of the task progress 
(Kuhn et al., 2020). There is also preliminary evidence suggesting that 
CoRL and SSRL positively affect group task performance (Zheng & 
Huang, 2016) and individual learning achievement (De Backer et al., 
2020; Zheng et al., 2017). Recently, De Backer et al. (2020) indicated 
that the type of socially shared regulation aiming to change the direction 
of collaborative learning, often provoked by difficulty faced with a task, 
especially relates to individuals' learning. 

However, the contribution of regulation to individual students' 
learning achievement seems to interplay with other characteristics in 
social interactions and an individual's (meta)cognition. For example, 
previous research has acknowledged the complementary role of meta-
cognitive interactions in group-level regulation and learning. Volet et al. 
(2009) found preliminary evidence that group-level regulation, 
involving types here referred to as CoRL and SSRL, would need to be 
coupled with frequent elaborations and construction of knowledge to 
take forms that relate to better learning achievement. The importance of 
frequent metacognitive interactions for effective regulation has also 
been acknowledged in theory. For example, Salonen et al. (2005) sug-
gested that a lack of supplementary metacognitive interactions can lead 
to misinformed “theory-driven” regulation, where the students regulate 
each other's learning based on false assumptions, not actually being 
aware of what others in the group think about the learning process. This 
combination can further lead to escalating negative affect, conflicts, lack 
of communication, and avoidance of learning. In contrast, when coupled 

with frequent metacognitive interactions, CoRL and SSRL can take more 
flexible and responsive forms, resulting in better learning. In addition, 
although CoRL and SSRL can both contribute to learning outcomes, they 
might incur potential deleterious transactive effort costs for some stu-
dents (Kirschner et al., 2018). From the perspective of individual stu-
dents' learning outcomes, CoRL can especially have a different effect for 
the students who already accurately monitor their learning process than 
for those who are not aware of the possible challenges (Räisänen et al., 
2016). Therefore, metacognitively less accurate students can benefit 
from interaction, pointing out possible challenges in the learning pro-
cess, consequently helping to tackle them efficiently. However, meta-
cognitively more accurate students might have to use extra mental 
effort, which they otherwise would not possibly need to do, to inform all 
group members about the progress and to suggest strategic changes 
(Kirschner et al., 2018; Winne et al., 2013). 

2.3. Metacognitive monitoring accuracy and collaborative learning 

Metacognitive monitoring refers to a process that facilitates the in-
spection of information from the object level of cognition to the met-
alevel of metacognition (Nelson & Narens, 1990). It is at the core of 
regulation of learning, as it continuously informs the student regarding 
whether the standards set for learning are being met and can conse-
quently influence their decisions on learning (Hacker & Bol, 2019; 
Winne & Hadwin, 1998). The pivotal role of metacognitive monitoring 
arises especially when learning does not progress according to the 
standards. If this mismatch is noted through metacognitive monitoring, 
changes to cognitive operations can be made through metacognitive 
control, for example, by changing learning strategies (Winne, 2001). 
However, students' metacognitive monitoring is not always accurate, as 
students can over-or underestimate their current level of understanding, 
performance, and strategies used (Dentakos et al., 2019; Dunlosky & 
Rawson, 2012; Winne & Jamieson-Noel, 2002). Metacognitive calibra-
tion refers to the degree to which learners' subjective judgments of 
comprehension correspond to their actual comprehension of a given 
topic (Hacker & Bol, 2019). Calibration can be divided into components 
of accuracy and bias (Nietfield & Osborne, 2005). Monitoring accuracy 
refers to the absolute difference between students' estimate of compre-
hension and their actual level of comprehension. Bias refers to the 
possible over-or underconfidence the learner can hold, meaning 
whether the learners overestimate or underestimate their comprehen-
sion or knowledge. Theories of self-regulated learning consider moni-
toring accuracy central because it serves as a base for the decisions made 
about the use of learning strategies (Butler & Winne, 1995; Hacker & 
Bol, 2019; Winne et al., 2010). On one hand, the students who over-
estimate their comprehension are not as likely to adjust their learning 
strategies and allocate studying time as are more accurate students. On 
the other hand, underestimating one's level of comprehension might 
lead to allocation of studying even when it would already be possible to 
move on to the next topic. Prior studies have suggested that calibration 
tends to be difficult to develop (Hadwin & Webster, 2013; Pesout & 
Nietfeld, 2020), especially for low-performing students (Morphew, 
2020). 

The interplay of individual metacognitive monitoring with group- 
level collaborative learning processes has been acknowledged in the 
literature (Efklides, 2008; Hadwin et al., 2018; Näykki et al., 2017b; 
Salonen et al., 2005; Winne et al., 2013). There is emerging empirical 
evidence that social information can affect individuals' metacognitive 
monitoring and further self-regulation of learning (Schnaubert et al., 
2021), as well as that individual students' metacognitive skills predict 
engagement in group-level regulation (De Backer, Van Keer, Valcke, 
2021a). Çini et al. (2020) showed that students' individual self-reported 
metacognitive traits (Schraw & Dennison, 1994) are linked with their 
subjective situation-specific interpretations about the task during 
collaborative learning. The situated interpretations about task under-
standing also predicted individual performance in a quiz after a 
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collaborative session. However, students' self-reported metacognitive 
views are often inaccurate (Winne & Jamieson-Noel, 2002). There is 
little empirical research about the role of individuals' metacognitive 
monitoring accuracy in collaborative learning, despite its relevancy in 
theory. For example, Winne et al. (2013) stated that, in collaborative 
learning, each group member's participation depends on coordinated 
metacognitive knowledge, monitoring, and control of team members. 
They further proposed that if one of the group members is not calibrated 
in metacognitive monitoring or control, this can compromise collabo-
ration and its outcomes. Therefore, CoRL serves students to guide, 
prompt, and assist each other in accurately monitoring and controlling 
cognitive work that contributes to the group product. CoRL promotes 
students' calibration and aligns their metacognition as it distributes the 
responsibility to optimize others' metacognitive processes (Winne et al., 
2013). 

Although the relation between collaborative learning and individual 
metacognitive monitoring accuracy and learning outcomes has been 
acknowledged in theory (Webb, 2013; Winne et al., 2013), very few 
studies have empirically investigated how they relate to each other. 
There is preliminary evidence that collaboration can reduce some of the 
negative effects of miscalibration on individuals' learning achievement. 
Pesout and Nietfeld (2020) studied the effect of cooperative monitoring 
training on metacognitive monitoring accuracy and the learning 
achievement of sixth graders in a reading comprehension task. The re-
sults of the study suggested that students' monitoring accuracy did not 
improve over time, nor was there a positive effect on accuracy with 
collaboration. Still, the condition in which the students collaboratively 
discussed their metacognitive monitoring showed significantly better 
learning gains at the end of the course when compared to competitive 
and individual conditions. 

Some studies have found that students' differences in achievement 
and confidence scores according to metacognitive skills disappear over 
time when students take tests collaboratively (De Carvalho Filho, 2010). 
Even though, in some cases, metacognitively more accurate students 
might support the ones with lower accuracy to become more aware of 
their comprehension level, the positive effect of collaboration is not 
solely based on this. This is because, especially student dyads, where 
both students hold low accuracy, seem to be the ones who profit the 
most from collaboration, as their relative monitoring accuracy, confi-
dence level, and learning achievement increase significantly (De Car-
valho Filho, 2010). 

Recently, Kolić-Vehovec et al. (2021) showed that collaborative 
learning conditions lead to higher monitoring accuracy and more suc-
cessful conceptual learning than individual learning conditions. Positive 
effects were also found by Bol et al. (2012), suggesting that practicing 
calibration in groups results yields better metacognitive monitoring 
accuracy and learning achievement than individual practice. They hy-
pothesized that group interactions can offer peer models and scaffolds, 
possibly improving the self-regulation of learning. In addition, collab-
orative interactions might be especially beneficial because the students 
are more accurate in detecting errors in their peers' performance than in 
their own (van Loon & van de Pol, 2019). However, the studies so far 
have not focused on how various interactions in collaborative learning 
interplay with monitoring accuracy, which has been proposed as a po-
tential mechanism to be investigated further (Bol & Hacker, 2012). 

To conclude, collaborative learning interactions can involve meta-
cognitive and regulatory elements with the potential to support trans-
active and co-constructive interactions that promote learning. However, 
the evidence of these relations carrying out individual learning 
achievement is still scarce. In addition, the interplay of CoRL and SSRL 
with individual metacognitive monitoring accuracy—known to be 
important for learning—has so far gained limited attention. Although 
there is preliminary evidence of the effects of collaboration and in-
dividuals' metacognitive monitoring accuracy for learning achievement 
(Bol et al., 2012; De Carvalho Filho, 2010; Pesout & Nietfeld, 2020), the 
interplay of group-level regulation with individual metacognitive 

processes is still considered understudied (De Backer, Van Keer, Valcke, 
2021a; Schnaubert et al., 2021; Volet et al., 2009). 

3. Aims 

This study investigates how metacognitive interaction, group-level 
regulation (CoRL, SSRL), and metacognitive monitoring accuracy 
relate to students' individual learning achievement in collaborative 
learning. The research questions and hypotheses (Fig. 1) are as follows: 

RQ1. How do metacognitive interactions and group-level regulation 
relate to learning achievement? 

Metacognitive interaction can activate students' cognitive processes 
and strengthen or adjust the mental models they hold (Chi, 2000; Webb, 
2013). Processes such as transactive interaction and knowledge co- 
construction considered beneficial for learning rely on metacognitive 
interaction (Järvelä et al., 2021). Some previous research has also 
empirically demonstrated the positive effects of metacognitive interac-
tion for learning (Kuhn et al., 2020). Thus, the following hypothesis is 
set for this study: 

H1. Groups' metacognitive interaction positively predicts individual 
learning achievement. 

In theory, co-regulation has the potential to support individual and 
group regulation when facing challenges during collaborative learning. 
It involves acknowledgment of the challenge and a strategic act to 
control the situation better (Hadwin et al., 2018; Winne et al., 2013). 
Prior research has also suggested that regulation aiming to change the 
direction for learning especially relates to higher learning achievement 
(De Backer, Van Keer, Valcke, 2021b). Therefore, the following hy-
pothesis is set: 

H2. Group co-regulation positively predicts individual learning 
achievement. 

Theory and preliminary evidence from prior studies has suggested 
that regulation as such might not always be enough to manifest as higher 
learning achievement (Volet et al., 2009). Salonen et al. (2005) 
considered that it is important that group-level regulation is coupled 
with frequent metacognitive interaction, making group members aware 
of what each other is thinking about their learning process. This should 
reduce the misinformed assumptions, potentially contributing to more 
adaptive regulation and better learning. Therefore, the following hy-
pothesis is set: 

H3. Groups' metacognitive interaction moderates the effect of groups' 
co-regulation on learning achievement. 

RQ2. How does individual metacognitive monitoring accuracy relate 
to learning achievement? 

Theories of self-regulated learning assume that accurate 

Fig. 1. Hypotheses of the relations between predictors and learning 
achievement. 
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metacognitive monitoring serves as a fundamental grounding for stu-
dents' effective decisions considering learning (Winne & Hadwin, 1998). 
This mechanism has also been previously empirically demonstrated in 
individual learning settings by finding links between accurate moni-
toring and learning achievement (Hacker & Bol, 2019). Thus, the 
aligning hypothesis is also set in this collaborative learning context: 

H4. Individual metacognitive monitoring accuracy positively predicts 
individual learning achievement. 

RQ3. How do individual metacognitive monitoring accuracy and 
group-level regulation interact for learning achievement? 

In collaborative learning, co-regulation can activate and calibrate 
individuals' metacognitive monitoring, which can benefit learning 
(Hadwin et al., 2018; Winne et al., 2013). Therefore, students who are 
inaccurate in their metacognitive monitoring can achieve higher 
learning when CoRL is frequent in group interaction. Following these 
premises, the following hypothesis is set: 

H5. Metacognitive monitoring accuracy moderates the effect of co- 
regulation on learning achievement. 

4. Methods 

4.1. Participants and context 

A total of 94 seventh-grade students (~13 years of age, 58 females, 
36 males) attended their first secondary school physics course, consid-
ering the topics of light and sound. Participation was voluntary for the 
students. Each 90-min lesson involved collaborative learning tasks 
where the students worked in groups of three to four, making 30 groups 
in total. Students had prior experiences of learning collaboratively. 
Teachers of the course formed groups with the aim of making their 
composition as homogeneous as possible, based on the prior learning 
achievements of the students in other STEM courses. The groups 
remained the same throughout the course, apart from normal non- 
attendances (e.g., sick leave), which occur in classrooms. Based on 
flipped classroom principles, the students first independently studied the 
upcoming topic in their science textbook prior to each lesson (Järvenoja 
et al., 2020). At the beginning of each lesson, the teacher first introduced 
the new topic to the students and ensured that each student had enough 
knowledge about the topic to engage in collaborative learning. This was 
followed by collaborative learning tasks with the aim of co-constructing 
a more profound and shared understanding of the topic. Each collabo-
rative task included hands-on scientific experiments. The content and 
exercises of the tasks were designed with assistance from science 
teachers to ensure that they covered the required subjects and content. 
In one learning task, for example, the task was to perform experiments 

on light and sight. The groups were provided with four main themes for 
investigation (1. Illumination, 2. Intensity, 3. Propagation, and 4. 
Reflection of light). A flashlight, related materials, and instructions were 
provided to the groups. Before the groups started to work with the task, 
they were asked to briefly discuss the following prompting questions: 
“What is the goal for your collaboration?” and “What will you do to 
achieve your goals?” After the collaborative tasks, the groups were asked 
to discuss the question: “How did you achieve your goals for collabo-
ration? Why?” This short reflection was followed by a quiz, which the 
students took individually (Fig. 2). A more detailed description of the 
context has been reported in a separate, non-empirical article focused on 
the study design (Järvenoja et al., 2020). 

4.2. Ethics statement 

The studies involving human participants were reviewed and 
approved by the Ethics Committee of Human Sciences, University of 
Oulu. Participation was voluntary, and written informed consent to 
participate in this study was provided by the participants' legal guard-
ian/next of kin. The participants were aware of the possibility of with-
drawing from the study at any point. 

4.3. Video data and analysis 

The groups' collaborative work was videotaped with 360-degree 
cameras (90 min per session/week = 225 h). The video data were 
segmented into 30-s episodes, from which two coders identified the 
occurrence of metacognitive interactions, co-regulation, and socially 
shared regulation in verbal exchange. Both coders were involved in the 
refinement of the coding system and engaged in qualitative discussions 
about specific codes, as the coding scheme was clarified with the re-
searchers. The coding reliability was ensured by selecting 10% of the 
video data to be coded by both coders. 

The first phase of video coding focused on identifying metacognitive 
interactions based on video observation. The coding scheme was 
developed and adjusted based on previously developed coding schemes 
(Järvelä et al., 2016; Whitebread et al., 2009). The first criterion to 
identify metacognitive interaction was that the students had a task- 
focused interaction during the 30-s segment. The second criterion was 
that at least two students were needed to be involved in the interaction. 
In this study, situations in which the students commented on their own 
or group members' thinking and progress concerning the task (Appendix 
A) were coded as metacognitive interactions. This refers to the inter-
action in which the cognitive process is the object of interaction and 
focuses more on how to carry out the cognitive operations (Artz & 
Armour-Thomas, 1992) than actually carrying out these operations (e. 
g., reading, exploring, and implementing). The inter-rater reliability of 

Fig. 2. Outline of the physics course.  
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the coding scheme was verified by two independent coders, which 
resulted in Cohen's kappa of 0.72. The second round of coding identified 
CoRL and SSRL from the task-focused interaction (Hadwin et al., 2018). 
What differentiated CoRL and SSRL codes from metacognitive interac-
tion was that, in group-level regulation, students had to clearly express 
the observation of an obstacle or a challenge in their learning process (e. 
g., lack of task understanding) and involve a regulatory initiation/con-
trol (e.g., suggestion to reread the task instruction), which led to stra-
tegic change in the groups' action (e.g., rereading the task instruction 
together). 

Metacognitive interaction could be identified from the same seg-
ments as CoRL and SSRL, but CoRL and SSRL were mutually exclusive. In 
co-regulation, no additional strategic content from other group members 
followed the initiation of regulation, which meant that the verbal in-
teractions of the regulation did not build upon each other. In contrast, 
socially shared regulation involved the reciprocally negotiated partici-
pation of several group members, where the interaction between group 
members was built upon each other and led to strategic changes in the 
learning process. CoRL and SSRL could also be targeted toward socio-
emotional processes in addition to cognition. The inter-rater reliability 
of the coding of regulation yielded Cohen's kappa of 0.79. The fre-
quencies of identified metacognitive interaction, CoRL, and SSRL for 
each group and session were counted. 

Only the sessions involving three students were included in further 
statistical analysis because the number of participants in the interaction 
was considered to have an effect on group dynamics (Cen et al., 2016), 
which might have influenced the occurrence of co-regulation and met-
acognitive interactions in a group. This restriction resulted in data from 
26 groups and 78 students involving 82 recordings with 5576 (2788 
min) collaboration video segments, from which 2766 recordings (1386 
min) included metacognitive interaction, 244 (122 min) included co- 
regulation, and 62 (31 min) included socially shared regulation. Due 
to the fewer socially shared regulation events, SSRL was left out of 
further analysis. Because there was variation in the collaboration length 
(M = 34.0 min, SD = 8.9) between the sessions, a proportion of meta-
cognitive interaction and co-regulation from collaboration for each 
session was calculated by dividing the metacognitive interaction fre-
quency and co-regulation frequency by the overall number of segments 
in that collaborative session. 

4.4. Metacognitive monitoring accuracy measure 

Metacognitive monitoring accuracy was determined in relation to 
the quiz that the students took individually after each collaborative 
session. The quiz performance was measured using the proportion of 
multiple-choice items answered correctly from all items on each of the 
four quizzes. The items covered the main concepts of each lesson and 
were designed in collaboration with physics teachers. Global calibration 
judgments indicating monitoring accuracy were observed after a 
multiple-choice quiz. In practice, students individually filled out five to 
six quiz items online immediately after each collaborative learning 
session. Before seeing their results in the quiz, the students were also 
asked to create a postdiction of how many items they thought they got 
correct (Hacker et al., 2000). Because the number of items in the quiz 
varied, the scores and postdictions were rescaled by dividing them by 
the maximum score of each quiz. Then, the average absolute value of the 
differences between the quiz score and postdiction was used to derive a 
measure of accuracy (Cronbach's alpha = 0.61, McDonald's omega =
0.66). To simplify the interpretation of the results, the variable was 
further subtracted from 1 so that in the resulting variable, the value of 1 
indicated the highest and 0 indicated the lowest possible monitoring 
accuracy. 

4.5. Learning achievement 

One week after completing all collaborative learning sessions, the 

students attended a written individual exam. The exam included factual 
and applied tasks (e.g., calculation and open-text answers) from all light 
and sound topics introduced during the four lessons, which were 
designed in collaboration with the physics teachers of the course. The 
exam score was given on a scale of 4–10, with 0.25 increments. 

4.6. Statistical analysis 

As the dependent variable (learning achievement) was measured 
only once, average scores for the whole course were calculated from the 
four consecutive learning sessions with regard to metacognitive moni-
toring accuracy (individual level), metacognitive interaction (group 
level), and co-regulation (group level). Due to naturally occurring ab-
sences (e.g., sick leave) in the classroom, the averages were based on 231 
original observations instead of the theoretical maximum of 368 ob-
servations, meaning that 38.6% of the original predictor data were 
missing. The resulting averages included observations from 78 partici-
pants, which represented 83% of the original sample of 94 students. This 
can be considered a limitation of the study, but it is very difficult to 
avoid when longitudinal data of groups are collected in the wild. A 
summary of the variables is provided in Table 1. All predictors were 
standardized based on the grand mean and standard deviation before 
running the analysis. 

As the data had a nested structure, a multilevel modeling approach 
was used. Due to a cross-level interaction term in hypothesis 5 (co- 
regulation*metacognitive accuracy), a random slope for metacognitive 
accuracy was included in the model (Aguinis et al., 2013). This estab-
lished challenges for the model to converge with regular, frequentist 
multilevel modeling. Therefore, a Bayesian multilevel model was fitted 
using R-package brms version 2.14.4 in R version 4.0.3. Part of Bayesian 
statistics was to set prior expectations for the dependent intercept and 
predictor coefficients based on previous empirical results and theory 
(Etz et al., 2018; Levy & McNeish, 2021; Peterson & Kaplan, 2016). In 
this case, weakly informative prior probability distributions were used, 
as they have been considered conservative but potentially more accurate 
than noninformative priors, especially with small samples (Lemoine, 
2019). According to the literature, weakly informed Bayesian multilevel 
models show decent performance even with small samples as compared 
to traditional frequentist multilevel models with small sample correc-
tions (McNeish, 2016). Prior of the dependent exam intercept was set to 
be 8, as research suggests it to be the most common grade given in 
secondary school physics in Finland (Juuti et al., 2010). Based on the 
theory and prior research on metacognitive interaction (Kuhn, 2015; 
Zheng et al., 2019), co-regulation (Hadwin et al., 2018; Volet et al., 
2009; Zheng & Huang, 2016) and metacognitive monitoring accuracy 
(Hacker et al., 2000) were considered to show a modest positive effect 
for the exam; therefore, their coefficient location was set to be slightly 
positive, at 0.2. The effect location for the interaction terms was set to 0. 
For scaling, default priors (2.5) provided by the brms package were used 
for all models. 

For each model, 10,000 iterations (including 2000 warmup itera-
tions) of the Markov chain Monte Carlo (MCMC) algorithm were run on 
four chains to ensure the robustness of the results. Rhat (R̂) values of the 
parameters stayed close to 1, which suggests that the models converged 
well (Nalborczyk et al., 2019). The certainty of the results is reported as 
Bayesian credible interval (CrI). If CrI does not include zero as a possible 
value, the estimated parameter values can be reliably interpreted to be 
different from zero (Kruschke, 2013). 

5. Results 

From the unconditional means model (M0), ICC was calculated, 
which indicated that, of the total variance in exam performance, 11.4% 
was attributable to between-group variation, whereas 88.6% was 
attributable to within-group variation. Next, fixed main effects were 
added to model (M1). The expected log predictive density value (Vehtari 
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et al., 2017) describing the fit for this model was not larger than the 
standard error, suggesting that the fit was not remarkably better than 
that achieved using the null model (Δelpdloo = − 3.26, ΔSE = 3.44). 
However, the fit for model (M2), including the main effects and inter-
action terms, clearly outperformed the null model (M0) (Δelpdloo =

− 5.89, ΔSE = 4.18) and model (M1) involving only the main effects 
(Δelpdloo = − 2.63, ΔSE = 2.42). Overall, for M2, the marginal R- 
squared value, considering the variance of the fixed effects, increased 
from 0 to 0.29, while the conditional R-squared value, taking into ac-
count both the fixed and random effects, increased from 0.11 to 0.36. 
The variance inflation factor values for the main effects and interaction 
terms in model (M2) stayed (VIF = 1.09–2.00) below the commonly 
used cut-off limits (4–10; O'Brien, 2007), suggesting that multi-
collinearity was not present in the analysis. 

Though the effect of students' quiz performance itself was not under 
the scope of this study, model (M3) controlling the quiz performance 
was also run to see if it would change the pattern of the results. Including 
the quiz into the model slightly increased the uncertainty of an effect for 
other predictors, but in general, the pattern of the effects for variables 
stayed the same (Table 2). The difference in fit between this model (M3) 
and the uncontrolled model (M2) was smaller than the standard error 
(Δelpdloo = − 2.08, ΔSE = 3.20), suggesting that it did not make a 
remarkable difference in the model fit. Therefore, the results of model 
(M2) have been reported in detail. Posterior distributions for the cer-
tainty of each effect are presented in Fig. 5. 

5.1. RQ1: How do metacognitive interactions and group-level regulation 
relate to learning achievement? 

Concerning the first research question about group-level regulation 
and metacognitive interaction as predictors of learning achievement, the 
results of the Bayesian multilevel model (M2) support hypothesis (H1) 
that the frequency of metacognitive interaction in a group has a positive 
relation (β N(0.2, 2.5) = 0.27, 95% CrI = [0.01, 0.54]) with the learning 
achievement of individual students. In contrast, the second hypothesis 
(H2), about the positive main effect of co-regulation on individual 
learning achievement, is not supported by the data (β N(0.2, 2.5) = 0.04, 
95% CrI = [− 0.23, 0.31]). However, as expected (H3), there exists 
strong evidence for an interaction (β N(0, 2.5) = 0.31, 95% CrI = [0.09, 
0.54]) between metacognitive interaction and co-regulation for pre-
dicting learning achievement. Fig. 3 shows how the relation between co- 
regulation and the exam is dependent on the occurrence of meta-
cognitive interaction. A high frequency of co-regulation in a group is 
positively related with an individual's learning achievement when it is 
accompanied by a high frequency of metacognitive interaction. How-
ever, when the frequency of metacognitive interaction in a group is low, 
the high proportion of co-regulation predicts lower learning achieve-
ment for individual students. Due to the low occurrence of SSRL, its 
relation with learning achievement could not be tested. 

5.2. RQ2: How does individual metacognitive monitoring accuracy relate 
to learning achievement? 

In relation to the fourth hypothesis (H4), the model does not provide 
reliable evidence that individuals' metacognitive monitoring accuracy 

on a quiz is a positive predictor for individual learning achievement in 
the course exam (β N(0.2, 2.5)) = 0.20, 95% CrI = [− 0.02, 0.42]). 

5.3. RQ3: How do individual metacognitive monitoring accuracy and 
group-level regulation interact for learning achievement? 

There seems to be a negative interaction (H5) between meta-
cognitive accuracy and co-regulation (β N(0.0, 2.5)) = − 0.25, 95% CrI =
[− 0.49, − 0.00]) as predictors of learning achievement. Fig. 4 shows 
how the relation between co-regulation and learning achievement on 
the exam depends on individuals' metacognitive monitoring accuracy. 
The results suggest that students who are less accurate in their meta-
cognitive monitoring seem to achieve a better score on the exam if co- 
regulation in their group is frequent. In contrast, students who are 
more accurate in their metacognitive monitoring seem to have 
decreased learning achievement when there is a higher frequency of co- 
regulation in their group. 

6. Discussion 

This study investigated how groups' metacognitive interactions, 
group-level regulation, and individuals' metacognitive monitoring ac-
curacy together predict students' learning achievement. The results 
showed that metacognitive interaction relates positively to learning 
achievement. However, the relation between co-regulation and 
achievement is dependent on metacognitive interaction and individual 
monitoring accuracy. Due to the low occurrence of SSRL its relation with 
learning achievement could not be analyzed. With these findings, the 
current study contributes to a limited body of empirical research sug-
gesting that successful collaborative learning relates to the interplay of 
individual-and group-level regulatory processes stressing the role of 
metacognition. 

The first research question focuses on how metacognitive interaction 
and group-level regulation relate to students' learning achievement. 
Regarding metacognitive interaction, the results align with those ob-
tained by previous research suggesting a positive relation with collab-
orative learning outcomes (Kuhn, 2015; Kuhn et al., 2020), which in this 
study specifically refer to individual learning achievement. This result 
means that the students in groups with frequent interactions targeted 
toward cognitive processes scored higher, on average, on the course 
exam. Previous studies have suggested that such metacognitive in-
teractions can support proper task execution and knowledge construc-
tion (Hurme et al., 2015; Molenaar et al., 2014) and can indicate the 
gaps in knowledge when preparing for the course exam (Bol et al., 
2012). Though the result does not evidence causality, it aligns with 
Kuhn's view (2015) that such interactions can be the key factor for the 
benefits of collaborative learning, not only for groups but also for in-
dividual learning outcomes. 

In contrast, the results provided no support for a general positive 
relation between CoRL and learning achievement. Following the 
conceptualization of Hadwin et al. (2018), CoRL was operationalized 
from the interaction as a strategic change in the learning process when a 
challenge was recognized. Therefore, co-regulation could be more 
frequent in groups facing challenges, possibly resulting in a lack of 
relation between CoRL frequency and learning achievement. However, 

Table 1 
Descriptive summary of the variables.   

Min Max M SD Skewness Kurtosis      

SE  SE 

Exam score  6.00  10.00  8.43  0.90  − 0.72  0.27  − 0.05  0.53 
Metacognitive interaction  0.13  0.74  0.48  0.16  − 0.06  0.27  − 0.93  0.53 
Co-regulation  0.00  0.13  0.04  0.03  0.83  0.27  0.22  0.53 
Socially shared regulation  0.00  0.09  0.01  0.02  2.84  0.27  9.14  0.53 
Monitoring accuracy  0.43  1.00  0.78  0.15  − 0.43  0.27  − 0.80  0.53  

E. Haataja et al.                                                                                                                                                                                                                                



Learning and Individual Differences 96 (2022) 102146

8

recently, De Backer, Van Keer, Valcke (2021b) found that students who 
participated in shared regulation aiming to change the course of 
learning when facing difficulties gained a better understanding of 
collaborative learning content. The present study does not validate the 
fact that such a general effect is applicable to CoRL. 

When discussing the results of previous research, it should be 
acknowledged that very few studies have differentiated between CoRL 
and SSRL when studying learning achievement. In the current study, 
CoRL was considered a transitional stimulation for SRL and SSRL. For 
example, in previous studies, a type of interaction similar to CoRL has 
been framed as other-regulation (e.g., DiDonato, 2013; Iiskala et al., 
2021). Other-regulation has been described as involving supporting 
(other facilitating) and inhibiting (other directing) forms of learning 
(Rogat & Adams-Wiggins, 2014), which can partly explain why a gen-
eral positive relation was not observed in the present study. Simulta-
neously, it is not surprising that the relation between CoRL and learning 
achievement was found to depend on other variables, namely meta-
cognitive interaction and individual metacognitive monitoring 
accuracy. 

In the present study, frequent co-regulation was related to higher 
learning achievement when frequent metacognitive interactions 
accompanied it. In contrast, frequent CoRL was linked to lower learning 
achievement when metacognitive interaction was not frequent. This 
difference emerged especially when the CoRL frequency in a group was 
higher than the average CoRL frequency in all groups. This interplay of 
CoRL and metacognitive interaction aligns with previous research sug-
gesting that group-level regulation coupled with elaborations about 
understanding and the co-construction of knowledge are linked to 
higher achievement (Volet et al., 2009). This result is also in line with 
Salonen et al. (2005), suggesting that group-level regulation without 
frequent metacognitive interactions can take maladaptive forms, where 
the students regulate each other without actually knowing what others' 
views of the learning process are. This combination can further escalate 
into a negative affect, conflicts, lack of communication, and avoidance 
of learning. The present study provides aligning evidence about CoRL 
and the lack of metacognitive interaction linked with lower learning 
achievement. 

Regarding the second research question of how monitoring accuracy 
relates to learning achievement, this study could not find reliable evi-
dence of a positive relation found in previous research (Bol et al., 2012). 
Previously, the positive effect of monitoring accuracy for learning has 
been explained with better possibilities for more accurate students to 
make strategic decisions because they are aware of their strengths and 
weaknesses (Hacker & Bol, 2019). However, some studies have not 
found the relation to hold, especially when the monitoring accuracy 
measure is global and students do not judge each test item separately 
(Nietfield & Osborne, 2005), which was also the case in this study. 
Concerning the quiz used in the present study, by seeing their quiz re-
sults, the students could also become aware of their performance and 
monitoring accuracy and use this information to prepare for the final 
course exam. This might also have affected the relation between moni-
toring accuracy and learning achievement. 

Regarding the third research question, the current study found evi-
dence that students' monitoring accuracy interplays with the relation 
between co-regulation and learning achievement (Winne et al., 2013). 
For students who were less accurate in their monitoring, more frequent 
co-regulation was related to higher learning achievement. In contrast, 
for students with higher monitoring accuracy, the relation was the 
opposite, as less co-regulation was linked to higher learning achieve-
ment. With current correlational evidence, it is difficult to conclude the 
causal direction of this relation. Especially as previous studies have 
suggested that social context information affects individuals' meta-
cognitive monitoring (Schnaubert et al., 2021) and students' meta-
cognitive skills predict engagement in group-level regulation (De 
Backer, Van Keer, Valcke, 2021a). Still, the study results can explain 
some of the prior findings where the students who have challenges with Ta
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their self-regulation seem to prefer co-regulation activities more than 
the more skilled self-regulators (Räisänen et al., 2016). The students 
who are more accurate in their monitoring can take more responsibility 
for co-regulation, which might demand additional mental effort 
(Kirschner et al., 2018). In these cases, temporary offloading of moni-
toring and regulation between the group members (Hadwin et al., 2018) 
might not be distributed equally, but some members more frequently 
initiate regulation than others, which can also serve students' individual 

learning achievements differently (DiDonato, 2013). However, more 
research is still required, as prior studies have shown that students' 
contributions to group-level regulation can also relate to higher learning 
gains (De Backer, Van Keer, Valcke, 2021b). 

6.1. Limitations and suggestions for future research 

Though the current study provides novel insights into metacognitive 

Fig. 3. Interaction between co-regulation and metacognitive interaction on learning achievement.  

Fig. 4. Interaction between co-regulation and monitoring accuracy on learning achievement.  
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interactions and how regulation relates to learning achievement, it also 
has several limitations. One of the major issues is the sample size, which 
reduces the statistical power and impairs the generalizability of the re-
sults. Another limitation is the correlational research design, which does 
not allow confirmation of causal relations. For example, on one hand, 
metacognitive interaction might benefit learning, as described in the 
literature (Chi, 2000; Webb, 2013). On the other hand, a higher level of 
competence can yield frequent metacognitive interaction, or the relation 
can even be reciprocal (Bandura, 1978). Future studies should aim for 
the intervention type of designs to confirm the possible causal effects of 
group-level regulation, metacognitive interaction, and monitoring ac-
curacy on learning achievement. Finding potential interventions can 
also be crucial for supporting groups in their collaboration (Engelmann 
& Hesse, 2011; Molenaar et al., 2014; Schnaubert & Bodemer, 2019). 

The fact that the study was conducted in a secondary school class-
room environment poses many further challenges. One is missing data 
due to student absences, which can reduce the reliability of the results. 
Many of these absences were due to flu contagion, an issue that is likely 
observed in authentic classroom studies. Regarding the classroom ac-
tivity, even though the groups could mainly complete the collaborative 
tasks assigned to them, there remains a possibility that some groups 
covered less learning material than others, which could have also 
affected the learning achievement. In addition, the measures of the study 
were optimized to fit into real classroom lessons. Therefore, the quizzes 
and measures of metacognitive accuracy were applied only once 
immediately after the collaboration and involved a limited number of 
items, which is likely to reduce the accuracy of the measure itself. Future 
studies should explore more reliable and unobtrusive ways to measure 
monitoring accuracy in collaborative learning settings and continue to 
untangle the effects of collaborative learning on it (Bol et al., 2012; 
Pesout & Nietfeld, 2020). 

Regarding video observation, the large video corpus of the study 
made it possible to analyze the data through coding and counting 
quantitatively. However, simultaneously, this approach set restrictions 
on capturing the depth and quality of interaction in the analysis. For 
example, video coding did not grasp students' roles, individual contri-
butions, or the level of transactivity, which have been considered 
important for learning collaboratively (De Backer, Van Keer, Valcke, 

2021b; Iiskala et al., 2015; Volet et al., 2017; Weinberger et al., 2007). 
Future studies should continue to investigate the interplay of such 
characteristics and involve motivational and socioemotional variables 
known to be relevant to successful collaborative learning (Isohätälä 
et al., 2020; Järvelä et al., 2016; Lobczowski, 2020; Näykki et al., 
2017a). Furthermore, it is challenging to distinguish metacognitive 
interaction and co-regulation categories through video observation. 
Though the reliability analysis and statistical tests support the use of 
such interactions as separate variables, alternatives to clarify the 
conceptualization and operationalization can be considered. 

Bayesian multilevel modeling offers a valuable tool for statistical 
analysis to involve data from two levels of a limited sample. However, as 
the dependent variable (learning achievement) was measured only once, 
the repeated measures of independent variables had to be aggregated. 
The aggregation reduced some information and the possibility of more 
temporal types of analysis, which could be interesting in a regulation 
research context. In addition, due to a limited number of earlier studies, 
the priors of the analysis were set to be weak, which does not utilize the 
full potential of Bayesian statistical analysis (Levy & McNeish, 2021; 
Peterson & Kaplan, 2016). Also, due to the statistical restrictions related 
to variable distribution, rarely occurring SSRL events could not be used 
in the study analysis. Future studies should explore the options for 
including such rarely occurring count types of data appropriately into 
the models. 

Regarding learning achievement, the study only considered 
achievement at the end of the course, without pre-post measures, which 
also limits the conclusions that can be drawn. However, the course was 
the first physics course for the students, which is likely to reduce the 
effects of prior knowledge. As the course also involved independent 
studying by the students, it also likely had an effect on achievement 
although it was neither measured nor modeled. As this study focused on 
individual learning achievement, no conclusions about the relations 
between the variables used and group-level collaborative performance 
can be drawn. In the future, it would be interesting to study whether the 
calibration of monitoring would be possible to be operationalized on a 
group level by investigating the alignment of students' beliefs about 
their performance and comprehension with their actual level of per-
formance and comprehension. In addition to performance and 

Fig. 5. Posterior distributions presenting certainty of effects for each predictor in M2.  
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comprehension monitoring, it would be important also to study how 
accurately students monitor other aspects of their collaborative learning 
such as strategy use. 

7. Conclusions 

This study provided evidence for the hypothesized interplay between 
social and individual levels in collaborative learning (Hadwin et al., 
2018; Volet et al., 2009; Winne et al., 2013). The results showed that 
frequent metacognitive interaction relates to higher learning achieve-
ment. Furthermore, the relation between co-regulation and achievement 
depended on metacognitive interaction and individuals' monitoring 
accuracy. In this way, the study highlights the complexity of potential 
effects that group-level regulation and individual metacognition hold for 
learning achievement in collaborative learning. Though the current 

study cannot verify a causal relation from multiple levels of regulatory 
processes to learning, the links evidenced in this study serve as signifi-
cant initiating steps and invite more research on this interplay, which 
has been widely acknowledged but remains scarcely studied. 
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Appendix A  

Type of interaction Description of behavior Examples 

Metacognitive 
interaction 

Metacognitive interaction was coded when group members' discussion targeted their 
cognitive processes, such as 
- Task goals  
- Task understanding (e.g., checking task demands)  
- Prior knowledge  
- Resources (e.g., procedures and strategies) needed to solve the problem  
- Progress with the task (e.g., checking/evaluating progress)  
- Selecting strategies (e.g., help-seeking)  
- Quality of task solution (e.g., evaluation of the correctness of the answer) and overall 
performance 

S1: “Okay, what are our goals?”  
S2: “That all of us will participate.” 
S1: “Isn't this the first task? About volume?” 
S2: “I think so, yes.”  
S1: “No, it is this way, we did this yesterday in math.”  
S2: “That's true. Now I remember.” 
S1: “Jane, is this [answer] good?” 
S2: “I'm not sure. Let me check.” 

CoRL CoRL was coded when the following sequence of behaviors occurred: 
1) Observation of an obstacle to the individual's or the group's learning process 
2) Regulatory initiation from a group member 
3) No additional strategic content from other group members following the initiation 
4) Strategic change in action 
When CoRL was targeted to emotions and motivation, it could be coded without a clear  
obstacle or change in action to allow the strategic activities that aimed to maintain and  
strengthen the already favorable motivational and affective conditions 

[Group is stuck on a task] 
S1: “Are we supposed to first calculate how long it takes for it to 
travel? I don't know!” 
S2: “Should we just start with this other task?” 
S1: “Yes, let's do that!” 
[Group struggles with calculations and asks for help] 
S1: “What the heck! These are all fractions! Our calculations are all 
screwed then!” 
S2: “We should ask for help.” 
S1: [Raises hand] 
[S1 is frustrated] 
S1: We are going to get an F. 
S2: No we are not! We are getting an A. 

SSRL SSRL was coded when the following sequence of behaviors occurred: 
1) Observation of an obstacle to the group's learning process 
2) Regulatory initiation from a group member 
3) Active shared strategic negotiation between at least two group members 
4) Strategic change in action 
When SSRL was targeted to emotions and motivation, it could be coded without a clear  
obstacle or change in action to allow the strategic activities that were aimed to maintain 
and  
strengthen the already favorable motivational and affective conditions 

[Students struggle to understand task] 
S1: “This case looks exactly the same as the previous. What on earth 
does this mean? 
S2: [Raises hand to ask teacher for help] 
S3 [to teacher]: “We understand nothing about this!” 
S2 [to teacher]: “How do we know which lens this is?” 
[Students maintain motivational conditions] 
S1: “It's great that we are all participating.” 
S2: “Yes, everyone participates!” 
S1: “…So then everyone is going to get an A.” 
S3 [laughs]: “Yep!” 
S4 [laughs]: “Well, of course.”  

Coding scheme used in the video data analysis. 
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