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Abstract

This dissertation explores adaptive regulation in collaborative learning by using novel
technologies for data collection and analysis. Adaptation is a key feature of regulated learning,
because through adaptation learners change their ways of thinking and learning when faced with
challenges. However, because of methodological limitations, studying adaptation has been
challenging. This dissertation focuses on exploring the differences between high- and low-
challenge sessions in terms of phases of regulation, how metacognitive monitoring triggers
adaptation, and how sequences of adaptive regulation and maladaptive behavior emerge
throughout a learning session.

To capture adaptation in group learning situations, two data sets were collected in authentic
learning situations. The first data collection took place during a mathematics didactics course
organized for teacher education students; the second data collection was conducted during an
advanced physics course for high-school students. The data collected included log, video, and
heart rate data. Process-oriented methods were used to combine qualitative analysis of the video
data and group-level analysis of changes in heart rate values.

The results indicate that in high-challenge sessions learners return to planning throughout the
session, which can be interpreted as a sign of adaptation. The results also show that monitoring
acts as a trigger for adaptation and report how group-level small-scale adaptation can be evidenced
by considering the phase, target, and valence of shared monitoring events. Physiological state
transitions defined from the heart rate data have potential to reveal information about whether the
group is on track in the learning process.

The findings provide insight into how adaptation happens in an authentic collaborative
learning setting. Methodologically, the study provides an innovative solution for capturing
adaptation using multimodal data and novel analytical methods. At the theoretical level, the
dissertation contributes to the field with details of the relationship between metacognitive
monitoring and small-scale adaptation. For pedagogical practice, this study signals a need for
adaptive support during the learning process: collaborative groups take very different routes to
success in terms of when and how they adapt their learning process.

Keywords: adaptation, collaborative learning, heart rate, monitoring, multimodal
methods, self-regulated learning, socially shared regulation of learning





Sobocinski, Márta, Adaptiivisen itsesäätelyn prosessien ilmeneminen yhteisölli-
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Tiivistelmä

Tämä väitöstutkimus tarkastelee adaptiivista säätelyä yhteisöllisen oppimisen tilanteissa uusien
teknologisten tutkimusmenetelmien avulla. Adaptiivinen säätely on merkittävä yhteisöllisessä
oppimisessa, sillä se auttaa oppijoita muuttamaan heidän tapojaan ajatella ja oppia tilanteen vaa-
timalla tavalla. Tässä väitöstutkimuksessa tarkastellaan, millaisia itsesäätöisen oppimisen pro-
sesseja oppijoilla käynnistyy vaikeustasoltaan erilaisissa oppimistilanteissa, miten adaptaatio
toteutuu itsesäätöisen oppimisen eri vaiheissa yhteisöllisten oppimistilanteiden aikana ja mikä
on metakognitiivisen monitoroinnin merkitys adaptiivisen säätelyn käynnistämisessä.

Väitöstutkimus koostuu kahdesta erillisestä osatutkimuksesta. Ensimmäinen tutkimus toteu-
tettiin luokanopettajaopiskelijoiden matematiikan didaktiikan kurssin aikana ja toinen lukio-
opiskelijoiden fysiikan kurssilla. Tutkimusaineisto koostuu lokidatasta, videoaineistosta ja sydä-
men sykevaihtelua mittaavasta aineistosta. Analyysissa tutkimusaineisto yhdistettiin ja aineistoa
tarkasteltiin hyödyntäen prosessitutkimuksen menetelmiä. Tulokset osoittavat, että vaikeustasol-
taan haastavissa oppimistilanteissa oppijat palaavat toistuvasti itsesäätöisen oppimisen suunnit-
teluvaiheeseen. Tulokset osoittavat metakognitiivisen monitoroinnin toimivan adaptiivisen sää-
telyn käynnistäjänä. Tämä näkyy erityisesti ryhmätasolla itsesäätöisen oppimisen syklissä tapah-
tuvassa adaptaatiossa, kun tarkastellaan jaetun syklin vaihetta, säätelyn kohdetta ja valenssia.
Tulokset osoittavat myös, että oppijoiden sykevälivaihtelun mittaaminen voi antaa tietoa oppi-
misen tarkoituksenmukaisesta etenemisestä.

Väitöstutkimus osoittaa, miten adaptaatio tapahtuu osana aitoja yhteisöllisen oppimisen tilan-
teita. Tutkimus hyödyntää uudenlaisia metodologisia ratkaisuja ja monikanavaista tutkimusai-
neistoa adaptiivisen säätelyn tunnistamisessa. Teoreettisesti, väitöskirja osoittaa metakognitiivi-
sen monitoroinnin ja itsesäätöisen oppimisen syklissä tapahtuvan adaptaation välisen yhteyden.
Käytännön näkökulmasta tutkimus osoittaa, että oppijat tarvitsevat tukea adaptiivisten itsesääte-
lyprosessien käytössä, sillä yhteisöllisen oppimisen tilanteissa oppijoilla voi olla erilaisia toimin-
tatapoja sen suhteen, miten ja milloin he säätelevät oppimistaan adaptiivisesti.

Asiasanat: adaptaatio, itsesäätöinen oppiminen, monikanavaiset metodit, monitorointi,
sosiaalisesti jaettu oppimisen säätely, syke, yhteisöllinen oppiminen
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1 Introduction 

In the 21st century, people need to be able to collaborate with each other and adapt 

to challenges as they arise (Dede, 2010). This has been even more evident in the 

current COVID-19 pandemic. Learners were expected to adjust to distance learning 

within days, switching from meeting their peers face-to-face to seeing them on a 

computer screen. New ways of working were developed, and this process required 

and keeps requiring learners and teachers to adapt to changing conditions (Suorsa, 

Dindar, Hermes, Karppinen & Näykki, 2020). While learning, students had to put 

in even more effort than before into staying aware of their emotional, motivational, 

and cognitive states that could affect learning (Järvelä & Rosé, 2020). This called 

for learners to take on an active role in their own learning process: to monitor their 

progress and adjust their strategies when needed. That is, learners needed to 

regulate their learning, as well as have good collaborative problem-solving skills.  

Although the importance of collaborative skills is widely recognized, on the 

2015 Program for International Student Assessment (PISA) tests, only 8% of 

students were top performers in collaborative problem solving, while 28% were 

able to solve only straightforward collaborative problems (Mo, 2017). These results 

show that learners need more opportunities to practice collaborative learning and 

more support during these situations. In addition to collaborative problem-solving 

skills, self-regulated learning skills are recognized as an important prerequisite for 

success: Throughout their lives, learners need to deliberately look for the best 

means and conditions to learn better and achieve their goals (Winne, 2010a). 

Engaging in self-regulated learning (SRL) means that learners take responsibility 

for their learning process, as well as strategically regulate their skill and will when 

needed. 

Previous researchers have shown the importance of regulation in a 

collaborative learning setting. It is known that successful collaboration does not 

happen automatically, and it is not a straightforward process as various challenges 

can arise during collaboration (Kreijns, Kirschner & Vermeulen, 2013). Successful 

learners regulate their learning: They need to monitor their progress and recognize 

the challenges as they arise during the learning process (Hadwin, Bakhtiar & Miller, 

2018). In collaborative situations, verbalizing metacognitive monitoring can set the 

stage for it to become shared and allows shared regulation to occur.  

The challenges learners face can be cognitive, motivational, emotional, or 

social. To overcome them, group members need to regulate their learning (Hadwin, 

Järvelä & Miller, 2018), which can happen through discussing the situation and 
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agreeing on a course of action, for example, updating their plan or task 

understanding, or changing the strategy used. If challenges are not recognized, or 

appropriate regulation strategies are not deployed, learners fail to make progress in 

their learning process. This is a case of maladaptive behavior. Winne (2010b) 

described the SRL process as an if-then contingency: If monitoring reveals a 

problem, metacognitive control is triggered. Control can manifest as making 

adjustments to strategies used or engaging in small-scale adaptation, such as 

updating their plans or their task difficulty level (Winne, Hadwin & Miller, 2013). 

The moments when the need for regulation occurs are critical in the learning 

process, as they are followed either by adaptive regulation or by maladaptive 

behavior (Azevedo, Moos, Johnson & Chauncey, 2010). For this reason, these are 

also critical moments from the point of view of offering support to learners. To 

offer timely support, it is crucial to gain a better understanding of when students 

engage in adaptive regulation or maladaptive behavior, and how to recognize these 

critical moments. The challenge is that these regulatory processes are not easy to 

capture as they are internal, metacognitive processes.  

In recent years, there has been growing interest in developing technologies that 

help capture and visualize learning processes. The main challenge is that many of 

the factors affecting learning are invisible to the outside observer, and sometimes, 

to the learner as well. For example, certain processes occur at the metacognitive 

level (such as monitoring), or there is a strong emotional reaction inhibiting 

learning that the learners themselves are not aware of. Researchers started using 

multimodal sensors (e.g., physiological sensors, accelerometers, eye-tracking) to 

richly capture students’ behavior, cognition, and emotions, as a novel way to 

capture critical phases of regulated learning (Harley, Bouchet, Hussain, Azevedo & 

Calvo, 2015). To combine the different data channels, the new field of Multimodal 

Learning Analytics was conceived (Blikstein & Worsley, 2016), and researchers 

started developing adaptive collaborative learning support based on the data 

collected (Rummel, Walker & Aleven, 2016). To reach the goal of an adaptive 

collaborative learning support that allows learners to maintain an active role in their 

own learning processes, we first need to gain a better understanding of the 

regulatory processes underlying collaboration to deliver support when needed 

(Rummel et al., 2016). There is a need to understand how learners recognize 

challenges and how they adapt to them in real-life learning situations, and how 

multimodal sensors can capture these regulatory processes.  

This dissertation focuses on these issues by exploring how adaptation emerges 

in collaboration. To capture adaptation, the dissertation considers the temporality 
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of learning processes and uses novel methodological solutions to achieve its aims. 

The first aim focuses on exploring the difference between high- and low-challenge 

sessions. Regulation is activated as needed; thus, by comparing the temporality of 

processes in sessions that students judged to be challenging with the sessions 

judged to be easy, it is possible to identify the characteristics typical of adaptive 

regulation that occur during the challenging sessions.  

The second aim focuses on possibly challenging situations within the learning 

process that learners recognized through shared monitoring and investigates how 

groups progressed after these situations. Monitoring is a metacognitive process that 

is in the background and is activated as needed. During collaboration, monitoring 

becomes shared when learners verbally express it. When a monitoring statement is 

expressed, group members need to jointly react to it, and regulate their learning if 

they deem it necessary, for example, through changing the strategies they use or by 

adapting their plans or task definition. 

The third aim looks at the temporality of adaptive and maladaptive sequences 

within a learning session. Collaboration is a process, and it evolves over time: 

Detecting changes in metacognition is needed to provide targeted support to 

learners (Winne, 2015). Previously, adaptation has been studied mostly through 

offline measures, such as self-report instruments (Anderman & Midgley, 2002; 

Martin, 2007). Looking at adaptive and maladaptive sequences in a learning session 

using online measures makes it possible to gain a better understanding of the shared 

metacognitive activity that happens throughout the learning process. 

This dissertation also explores whether heart rate data reveals information 

about group-level adaptation. The heart rate is known to react to stress, strong 

emotions (e.g., excitement), as well as high cognitive load (Cranford, Tiettmeyer, 

Chuprinko, Jordan & Grove, 2014; Fooken & Parker, 2019; Haapalainen, Kim, 

Forlizzi & Dey, 2010; Wilson, 2002). Previous research showed that 

psychophysiological responses (such as heart rate or electrodermal activity) of 

people interacting with each other can show relatedness, a phenomenon also called 

physiological synchrony (Elkins et al., 2009; Palumbo et al., 2016). Group-level 

adaptation occurs after challenging situations and requires coordinated effort from 

the learner. Therefore, heart rate changes at the group level could potentially reveal 

information about this process.  

This dissertation consists of two parts. In the first part, the theoretical 

background of the work is described, which involves introducing sociocognitive 

learning theory; self-regulated learning theory, focusing on key concepts, such as 

monitoring and adaptation; as well as how regulated learning occurs in 
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collaboration. The theoretical framework also describes the current research on 

capturing regulatory processes in collaboration using multimodal data. The first 

part concludes with a discussion of the main findings. The second part consists of 

three peer-reviewed and published articles that present the empirical results of this 

dissertation. 
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2 Theoretical framework 

Learning in a group is viewed in this dissertation as an active process, where group 

members set shared goals, coordinate efforts, and negotiate strategies used. 

Successful learners are known to be able to adapt when faced with challenges, 

while unsuccessful learners often use maladaptive practices, such as repeating the 

same behavior or giving up. Despite the recent growing body of research on group-

level regulatory processes, there is still a need to better understand the critical 

moments that lead to adaptation or maladaptive behavior and to capture the process 

of adaptation. This dissertation aims to explore how adaptive regulation happens in 

collaborative learning using multimodal data and novel methods of analysis. To 

ground this dissertation, sociocognitive learning theory is discussed first. Then, 

self-regulated learning theory and models are introduced. In addition, novel 

methods for capturing regulation in collaborative learning are described.  

2.1 Sociocognitive learning theory perspectives and collaborative 

learning 

For decades, learning scientists have argued that learning is fundamentally social 

(Bandura, 1986; Levine & Resnick, 1993; Roschelle & Teasley, 1995; Salomon & 

Perkins, 1998). Learners are known to be influenced by their environment: by the 

task, the feedback they get, and the larger social context. This is even more evident 

during collaboration, which involves mutual engagement, joint decision making, 

and interaction. Collaboration is defined as “a coordinated, synchronous activity 

that is the result of a continued attempt to construct and maintain a shared 

conception of a problem” (Roschelle & Teasley, 1995, p. 70).  

The benefits of collaboration for learning outcomes arise from the interaction 

that happens within the group. The different processes that happen through 

interaction (disagreement, explanation, negotiation, regulation) trigger cognitive 

processes (e.g., knowledge elicitation, internalization) that can affect individual 

learning outcomes (Dillenbourg, 1999). Collaboration is understood to be different 

from cooperation, which involves dividing tasks among participants, where each 

person is responsible for a part of the problem solving (Dillenbourg, Baker, Blaye 

& O’Malley, 1996). 

Social and cognitive dimensions become intertwined during collaboration. 

Levine and Resnick (1993) described how cognition is always situated, 

contextualized in social situations, and is intertwined with motivation, emotion, and 
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other social processes. They proposed understanding thinking as a form of social 

interaction and considering the interacting group as the cognitive unit. To gather 

similar-minded researchers, Levine and Resnick (1993) suggested the emerging 

field of sociocognition. 

Research on collaborative learning initially focused on how individuals 

function in a group, and in what circumstances collaborative learning is more 

effective than learning alone (Dillenbourg et al., 1996). Over time, researchers 

discovered that the independent variables they were trying to control (group size, 

composition, task type, etc.) were intertwined in a way that made it impossible to 

establish clear causal links. This led to considering the group itself as the unit of 

analysis and focusing on the interaction that occurs in groups.  

In one of the earliest process-oriented analysis of interaction in collaborative 

learning, Roschelle and Teasley (1995) found that while working on a physics task 

in a computer-supported environment, learners used language and action to 

overcome challenges in shared understanding and to coordinate their activity to 

achieve a shared goal. Roschelle and Teasley’s results support the notion that 

collaboration does not happen automatically but requires individuals to make a 

conscious effort to build and maintain shared knowledge and to coordinate their 

activity. 

Developing and maintaining a shared understanding of the task and shared 

knowledge is essential for collaboration, and it requires learners to fully commit to 

the shared activity (Resnick, 1991). During collaboration, cognitive or social 

conflicts can arise, which constitute cognitive, motivational, and affective 

challenges for the group. The challenges groups face during collaboration are well 

documented (Koivuniemi, Panadero, Malmberg & Järvelä, 2017; Salomon & 

Globerson, 1989). They can include challenges related to social relationships, 

different work styles, as well as challenges due to mismatches in goals, 

expectations, or level of interest. 

To be successful, learners have to overcome these challenges by jointly 

regulating their learning (Järvelä & Hadwin, 2015). This dissertation is based on 

the assumption that learners are active participants in their learning process, who 

regulate their learning as needed. For collaboration to be successful, learners need 

to regulate not only their own learning but also that of others, as well as group-level 

processes (Hadwin, Järvelä, et al., 2018; Volet, Vauras, Salo & Khosa, 2017). 
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2.2 Collaborative learning process 

In collaborative learning, cognitive and socioemotional processes are present and 

have been identified as equally important for learning success (Phielix, Prins, 

Kirschner, Erkens & Jaspers, 2011). Socioemotional interaction involves creating 

and maintaining a socioemotional balance: a sense of community, functioning 

relationships among the group members (Kreijns, Kirschner & Vermeulen, 2003). 

It can also include discussions about beliefs, interests, values, and attitudes that 

might affect group work. For example, Reeve, Jang, Hardre & Omura (2002) found 

that students’ interest in a task previously judged “uninteresting” was increased 

through communication: After acknowledging their low level of interest, 

participants discussed the rationale for the task, which increased the task value, and 

led to a higher level of effort while executing the task. 

As the example above shows, socioemotional interaction can trigger cognitive 

interactions (Kreijns et al., 2013) that fuel cognitive processes (Järvelä et al., 2016). 

Cognitive interaction includes constructing shared meaning together (Roschelle & 

Teasley, 1995), explaining one’s ideas while extending others’ ideas, recognizing 

different interpretations of the problem, and resolving inconsistencies between 

suggested ideas.  

In collaboration, learning happens through interaction. Studying interaction 

can provide a unique insight for researchers into the metacognitive processes that 

occur during learning. When studying the quality of cognitive processes during 

collaboration in small groups, researchers found that positive socioemotional 

interactions triggered high-quality cognitive regulation (Rogat & Linnenbrink-

Garcia, 2011). Although the types of interaction present during collaboration have 

been widely studied, only in the last decade have researchers shown interest in the 

temporality of different types of interaction during collaboration, and what 

contextual features influence their occurrence (Kapur, 2011).  

The temporality of the different interaction types is important, as it tells about 

the temporality of the group-level cognitive and socioemotional learning processes, 

which, in turn, are influenced by situated challenges that occur during collaboration. 

Challenges are disruptive and signal a need to regulate cognitive and 

socioemotional facets of the learning process (Hadwin et al., 2011). To solve these 

challenges (cognitive, emotional, motivational, and social) during collaboration, 

group members need to regulate group learning processes through interaction 

(Kreijns et al., 2013). Successful regulation provides the opportunity for cognitive 

processes to take place in interaction, such as grounding and critical thinking. These 
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processes are known to support shared knowledge construction and deep-level 

learning (Roschelle & Teasley, 1995). 

2.3 Regulation during collaborative learning 

SRL has been a research focus for the last three decades, and there is ample 

evidence showing that the use of self-regulated learning strategies is associated 

with better academic performance (Dignath, Buettner & Langfeldt, 2008; 

Zimmerman, 2008). SRL is an active, constructive, and cyclical process during 

which learners set goals and attempt to monitor their cognition, motivation, and 

behavior guided and constrained by their goals and their environment (Pintrich, 

2000; Zimmerman, 2000). The SRL framework proposes that to be successful, 

learners need to monitor their learning process, recognize challenges, and regulate 

their learning as needed, deliberately looking for the most appropriate means and 

conditions to learn better and achieve their goals (Winne, 2010a). 

Several SRL models were developed over the years to describe the learning 

process, as well as identify and organize key factors at play (Winne, 2015). Rooted 

in sociocognitive theory, SRL models also explain how behavior and personal and 

environmental factors interact and influence each other (see “triadic reciprocal 

determinism”; Bandura, 1986). There are several interrelated self-regulatory 

processes and self-motivational beliefs present in self-regulated learning, which are 

cyclically activated. Learners progress through different phases during the process. 

The SRL models provide a coherent theoretical framework for research. 

Panadero (2017) provided a review of the six most recognized SRL models: 

Zimmerman; Boekaerts; Winne and Hadwin; Pintrich; Efklides; and Hadwin, 

Järvelä, and Miller. This dissertation builds on Zimmerman’s (2000) cyclical 

phases model, Winne and Hadwin’s (1998) COPES model, and Hadwin and 

Järvelä’s model. In the following, these models are described. 

Zimmerman’s (2000) model describes self-regulated learning as having three 

cyclical phases: forethought, performance, and self-reflection. In the forethought 

phase, self-motivational beliefs and self-regulatory processes related to task 

analysis are activated as preparation for learning. Self-motivational beliefs include 

self-efficacy, outcome expectations, intrinsic value, and goal orientation, while the 

task analysis category includes goal-setting and strategic planning. The learner’s 

goal orientation (e.g., mastery or performance, see Pintrich, 2000) affects the type 

of goals they set. The goals, in turn, affect strategic planning, and the strategies 

chosen during the planning process. Researchers have confirmed the importance of 
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the forethought phase for student learning. Malmberg, Järvenoja & Järvelä (2013) 

found that learners who activated their previous content knowledge and set specific 

goals for their progress carried out deep-level learning strategies during the 

performance phase. 

The performance phase includes processes categorized under self-control and 

self-observation. Self-observation involves self-recording and self-

experimentation, while self-control processes are related to using task strategies 

and focusing attention. The performance phase is affected by the forethought phase: 

How the task is interpreted, the type of goals that have been set, and the plan that 

was formed affect the type of strategies the learner uses in the performance phase. 

The last phase in Zimmerman’s (2000) model is self-reflection. During this 

phase, learners evaluate their learning process: They make causal attributions about 

their performance, update their self-satisfaction level, and develop an adaptive or 

defensive reaction to the outcomes. The learner’s self-judgments and self-reaction 

made during the reflection phase affect the subsequent forethought phase, thus 

reaffirming the cyclical nature of self-regulation (Zimmerman, 2000). The study of 

Cleary, Dong and Artino (2014) showed how the reflection phase affects later 

performance: Medical students who received negative feedback about their 

performance showed decreased self-efficacy beliefs and worse strategic regulatory 

processes than those who did not.  

Whereas Zimmerman’s (2000) model offers a macro-level perspective on the 

SRL learning cycle, Winne and Hadwin’s (1998) COPES model provides a more 

detailed description of the SRL processes. Rooted in information processing theory, 

Winne and Hadwin’s model has a strong metacognitive perspective and emphasizes 

the goal-driven nature of SRL and the mechanisms through which the products of 

each phase affect the next one (Greene & Azevedo, 2007). This model explains 

how learners cyclically and recursively adapt their regulation through four linked 

phases. In the first phase, task definition, learners interpret the task and generate 

their task understanding. They also create a cognitive, emotional, and motivational 

profile for the learning task and the context. In the second phase, goals and planning, 

learners set goals and strategically plan their work to achieve them. During the third 

phase, task enactment, learners use study tactics and strategies to progress toward 

their goals, changing their strategies when needed. In the fourth phase, reflection 

and adaptation, learners reflect on the learning process and make long-term changes 

to their beliefs and strategies that affect future learning sessions. 

During the four phases, five different facets of regulation are deployed, 

identified by the COPES acronym: conditions, operations, products, evaluations 
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and standards. The conditions (COPES) refer to the task (external to the learner) 

and cognitive conditions (internal). These refer to the environment, to the context 

of the task, and the beliefs, task conception, goal orientation, and knowledge of 

study tactics, for example. The conditions provide the background to form the 

standards (COPES) for each phase, based on which each phase’s product (COPES) 

will be evaluated (COPES) through monitoring. The products are created through 

the operations (COPES). These products are different and specific for each phase. 

The conditions affect the operations that are selected to produce the appropriate 

products for each phase. If the monitoring shows that the product does not comply 

with the standards, then through controlling them, the standards, operations, or 

conditions might be modified. External evaluation can also cause a similar change 

in the system. All these phases and elements are interrelated. For example, if a 

product of a phase is deemed to be off-target, it may cause a change in the products 

of earlier phases. 

Winne and Hadwin’s (1998) model has been used as the theoretical foundation 

in computer-supported learning settings. Because this model describes the process 

in greater detail, it is suitable as a framework for capturing traces of SRL (Panadero 

et al., 2016). For example, nStudy and gStudy are computer-supported learning 

environments that scaffold SRL and record trace and log data (Winne, 2010b).  

Building on Winne and Hadwin’s (1998) model, Hadwin, Järvelä and Miller 

(Hadwin et al., 2011; Hadwin, Järvelä, et al., 2018) developed a model to explain 

regulation in a collaborative setting. As learning happens through social interaction, 

a new theory and model were needed to consider the social context that describes 

collaborative learning. In a collaborative learning situation, there are three types of 

regulation potentially present: self-regulation, a person regulating their own 

cognition, motivation, and behavior; co-regulation, a person’s regulatory activities 

are influenced by others; and socially shared regulation (SSRL), individuals’ 

regulatory processes are coordinated to achieve a common goal (Hadwin et al., 

2011). SSRL is conceptualized as occurring over four cyclical phases, similarly to 

Winne and Hadwin’s (1998) model (Molenaar & Järvelä, 2014). 

When engaging in SSRL, learners also negotiate a shared task understanding, 

set shared goals, and strategically plan to achieve those goals (Hadwin, Järvelä, et 

al., 2018). During the working process, the learners jointly monitor their progress 

and discuss a course of action as needed. The nature of the environment and the 

specific situation define what kind of regulatory strategies the learners will engage 

in (Schunk, 2001). In recent years, a number of empirical studies have shown that 
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SSRL positively affects performance, and groups that engage in SSRL outperform 

those who do not (Järvelä & Hadwin, 2013; J. Zheng, Xing & Zhu, 2019). 

The models presented above share certain similarities: They emphasize the 

learner’s agency in the learning process and consider learning to be a goal-oriented 

endeavor. The SRL framework proposes that to be successful, learners must set a 

learning goal and monitor and regulate their learning processes as they progress 

toward achieving it (Winne, 2019). The SRL models discuss phases of SRL related 

to the preparation and execution of the learning process, as well as reflection on it. 

The models emphasize the cyclicality of the process, where the reflection phase 

affects the next learning cycle. Monitoring the learning process in all phases is a 

central aspect of SRL models, and they encompass motivational and emotional 

aspects as well as cognitive ones. For an in-depth review of SRL models, see the 

work by Panadero (2017). 

2.3.1 The role of monitoring in collaborative learning 

Monitoring is considered a central process in SRL and SSRL models (Panadero, 

2017). Monitoring is a metacognitive process, through which the need for 

regulation is identified. It is active in the background throughout the learning 

process, until a problem is encountered (Wolters, 2011). It is an effort to observe 

one’s own learning process and assess information about certain processes that 

influence learning (Pintrich, 2002) and to identify ineffective performance (Winne 

et al., 2011). Monitoring evaluates the current learning performance and informs 

learners about the necessary steps that need to be taken to reach a specific outcome 

(de Bruin & van Gog, 2012). When the learner becomes aware of a discrepancy 

between the current state and the desired state, regulation can potentially occur 

(Winne & Hadwin, 1998). For this reason, metacognitive monitoring is often 

considered to be fueling regulation (Järvelä & Hadwin, 2013). However, although 

monitoring revealed a need to self-regulate learning, SRL might not be activated 

(Hadwin et al., 2011). Whether SRL is activated depends on the contextual factors 

that shape and constrain the learning process, as well as what learners bring to the 

current learning situation (Butler & Cartier, 2004). In other words, the extent to 

which regulation happens when monitoring reveals a need for it is determined by 

contextual features of the current learning situation, as well as individuals’ 

interpretation of these features (Zimmerman, 1989, 2011). 

Monitoring is one of the main processes of metacognition, the other being 

metacognitive control (Nelson & Narens, 1994). Flavell (1979) distinguished 
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between two types of monitoring: metacognitive knowledge, which involves 

declarative knowledge about the characteristics of the learner, the task and 

strategies; and metacognitive experience, which refers to feelings and judgments 

about performance, task difficulty, and effort demands of the task.  

Winne and Hadwin (1998) described the role of monitoring in relation to the 

COPES model. In each learning phase (task understanding, goal setting and 

planning, task enactment, adaptation, and reflection), learners monitor their 

cognition, motivation, emotion, and behavior (monitoring targets) against the set 

of standards they defined in an earlier phase. Standards are generated based on the 

conditions of the learning session: learners’ motivation states, task knowledge, and 

task conditions (Winne, 2014). When monitoring detects a discrepancy, learners 

can change their strategies or update the standards or products of a previous phase 

(such as task definition; Winne, 2010b).  

In addition to the monitoring target (cognition, motivation, emotion or behavior) 

and the SRL phase in which monitoring occurs (task understanding, goal setting 

and planning, task enactment, adaptation, and reflection), in recent literature there 

has been a call to consider a third dimension, valence (Azevedo, 2020). Monitoring 

events with positive valance confirm that the learning is on track, while monitoring 

events with negative valence signal a need for regulation. In this dissertation, all 

three dimensions of monitoring are explored in a collaborative learning setting. 

Previous research on monitoring focused on specific aspects of monitoring, 

such as accuracy (Thiede, Griffin, Wiley & Redford, 2009), or on different types, 

for example, of goals (Harkin et al., 2016) or emotions and motivation (Griffin, 

Wiley & Salas, 2013; Wolters, 2003). In recent literature, monitoring has been 

examined considering the context in which it emerges, focusing on how monitoring 

interacts with other learning processes (Ben-Eliyahu & Bernacki, 2015; Binbasaran 

Tuysuzoglu & Greene, 2014). For example, when examining the relationship 

between monitoring and strategy use, researchers found that when learners enacted 

deeper strategies, they also monitored their learning more frequently, which 

resulted in higher achievement (Deekens et al., 2018). Taub et al. (2019) examined 

the relationship between emotions and the accuracy of metacognitive monitoring 

processes and found that certain emotions negatively affect the monitoring 

accuracy.  

In a collaborative learning setting, monitoring can become shared. Although 

monitoring is a metacognitive process, collaborative learning situations call for 

verbalizing their own mental processes for the group to progress. Through 

interaction, learners can monitor and regulate their learning, which is critical for 
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the outcome of the collaboration (Barron, 2003). Regulation is crucial in 

collaborative learning situations as the complex context can bring cognitive, 

emotional, motivational, and behavioral challenges (Van den Bossche, Gijselaers, 

Segers & Kirschner, 2006). 

Hadwin, Järvelä, et al. (2018) extended the SRL model to apply to collaborative 

learning and discussed how the same four phases of regulated learning apply in this 

context. During collaboration, the learners differentiate between three types of 

regulation: self-regulation, co-regulation, and socially shared regulation of learning. 

When self-regulating, learners monitor their own learning processes; during co-

regulation, they are aware of each other’s cognition, motivation, emotion, and 

behavior. When engaging in socially shared monitoring, learners consider group-

level processes: how the group is progressing in relation to the shared goals and 

whether they face challenges that would thwart progress. This allows learners to 

respond to new situations by optimizing shared strategies or updating the standards 

for monitoring group progress (Hadwin, Järvelä, et al., 2018). For this reason, 

shared monitoring is the central mechanism that allows group members to engage 

in socially shared regulation of learning. Shared monitoring has been found to 

support effective group work and help maintain shared mental models (Fransen, 

Kirschner & Erkens, 2011). 

Metacognitive monitoring is an internal mental process, and during 

collaboration, it can become externalized via communication with other group 

members. To achieve shared monitoring, interaction is needed. Interaction and the 

coordination of group actions have been found to have a key role in the success of 

collaboration (Fransen et al., 2011). Looking at students’ participation in social 

interaction revealed that instances of socially shared regulation of learning 

(including monitoring) coincided with moments of high interaction (Isohätälä, 

Järvenoja & Järvelä, 2017). Interaction is needed for SSRL, for example, to discuss 

the use of strategies and to ensure that the work is progressing toward the shared 

goal. Building on each other’s ideas (i.e., transactivity of the discourse) has been 

linked to better performance (Noroozi et al., 2013), and previous researchers 

showed that social interaction is needed to overcome challenges (Kreijns et al., 

2013). 

Shared monitoring sets the stage for SSRL; however, regulation does not 

always occur. Researchers found that low-performing groups are more likely to not 

follow up on individuals’ monitoring and regulation attempts, whereas in high-

performing group members contributed together to the regulatory efforts (Volet et 

al., 2017). If the group ignores a challenge, this can disrupt the collaborative 
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process and cause unequal participation and lower satisfaction levels with the 

collaboration (Koivuniemi et al., 2018). On the other hand, if the group reacts to 

the shared monitoring, it provides an opportunity to jointly negotiate how to solve 

the problems detected and to control the learning process: either by making minor 

adjustments to the strategies used or through strategically adapting their task 

perceptions and plans (Miller, 2015). Malmberg, Järvelä and Järvenoja (2017) 

reached a similar conclusion when examining temporal sequences of regulated 

learning in collaboration. They found that monitoring has a facilitative role in the 

task enactment phase and concluded that investigating monitoring in more detail in 

collaboration can provide insight into the process of adaptation. 

2.3.2 Adaptation in the context of collaborative learning 

Self-regulated learning has been defined as an adaptive and recursive process that 

unfolds across phases (Winne & Hadwin, 1998; Zimmerman, 2000). In Winne and 

Hadwin’s (1998) SRL model, adaptation appears as the fourth phase, where 

learners reflect on the learning process and consider modifications of their beliefs 

and strategies that affect how they approach a task in the future. This phase has 

been considered optional (Winne, 2010a). In recent works, this fourth phase has 

been referred to as “large- and small-scale adaptation” (Bakhtiar, Webster & 

Hadwin, 2017; Hadwin, Bakhtiar, et al., 2018). Small-scale adaptation aims to 

optimize the current learning process, through updating standards, task perceptions, 

or goals. This updating happens by revisiting a previous phase of regulated learning. 

For example, when monitoring reveals that the strategy used by the group is not 

working, the group might return to the goal-setting and planning phase and update 

their plans. This also exemplifies how SRL phases are recursive and weakly 

sequenced (Winne & Perry, 2000). Large-scale adaptation, on the other hand, refers 

to changes in beliefs or strategies that contribute to future learning tasks.  

Adaptation, small-scale adaptation in particular, is a result of ongoing 

monitoring, and is considered to be exercising metacognition in the moment 

(Winne et al., 2013). When monitoring reveals a need for regulation (monitoring 

events with negative valence), learners use this information to control their learning, 

either by making adjustments to the strategies or by adapting their task perception 

or plans (Winne & Hadwin, 1998). If learners fail to do so, they are considered to 

be engaging in maladaptive behavior (Järvelä & Hadwin, 2013). Maladaptive 

behavior can occur at different stages of this process. For example, learners can 

neglect to establish shared goals and standards for monitoring (Kwon, Liu & 
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Johnson, 2014), they can ignore experienced challenges (Koivuniemi et al., 2018), 

they can fail at discussing the challenge and interacting productively (Barron, 2003; 

Janssen, Erkens, Kirschner & Kanselaar, 2010), or they might continue with the 

same strategies even after negative assessments about learning (Binbasaran 

Tuysuzoglu & Greene, 2014). 

Empirically, adaptation has been defined as a purposeful change in various 

learning processes after identifying a challenge (Bakhtiar et al., 2017; Binbasaran 

Tuysuzoglu & Greene, 2014; L. Zheng & Yu, 2016). As adaptation is activated by 

monitoring, which reveals a need for regulation, the temporality of these processes 

must be considered. Bakhtiar et al. (2017) investigated groups’ regulatory processes 

and interaction during online collaboration, and defined adapting as making a 

strategic change in task perception, goals, or strategies, a change which is preceded 

by monitoring. The authors found that negative emotions during group work inhibit 

shared adaptation. In L. Zheng and Yu’s study (2016), adapting metacognition was 

defined as making changes to goals, plans, or strategies. The authors found that 

adaptation was present more often in high-achieving groups, as these groups were 

able to update their task understanding or plans to progress, while low-achieving 

groups did not, and indicated comprehension failure. Binbasaran Tuysuzoglu and 

Greene (2014) differentiated between adaptive and static use of strategy after 

verbalized monitoring and found that adaptive strategy use is positively related to 

learning outcomes.  

The methods for exploring the adaptivity of the learning process have changed 

over the years. Previously, researchers used offline measures (e.g., self-reports) to 

measure shifts in motivation (Martin, 2007) or goals and goal structures (Anderman 

& Midgley, 2002) over a period of time. Recently, process-oriented methods have 

been used to capture adaptation as it happens (Bakhtiar et al., 2017; Kwon et al., 

2014; Malmberg et al., 2013; Su, Li, Hu & Rosé, 2018; L. Zheng & Yu, 2016). In 

addition to process-oriented methods, novel data sources can be used to investigate 

regulation in collaborative learning. Winne (2015) pointed out the importance of 

using novel data sources and analysis methods to trace how collaboration evolves 

over time and to identify shifts in metacognitive activity, a sign of adaptive 

regulation. In the following section, novel methods and data sources that are 

relevant for this dissertation are presented.  
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2.4 Capturing and understanding regulation in collaborative 

learning 

Understanding the regulation process in collaborative learning has progressed only 

in recent years as theoretical and methodological development allowed for a 

process-oriented view of the phenomenon. Winne and Perry (2000) distinguished 

between two different views of SRL: as an aptitude or as a series of events. When 

SRL is viewed as an aptitude, the skills and beliefs that influence learning are 

examined, for example, using questionnaires or interviews. When SRL is viewed 

as a series of events, the actions that learners perform are considered traces 

(externalizations) of mental processes. 

Viewing SRL as an event allows the researcher to consider three aspects of 

these traces: their occurrence, their contingent relationships (they occur after or 

before a certain event), and their patterned contingencies (a complex system of 

several if-then events). This dissertation considers regulatory processes as events. 

In this view, the sequential nature of SRL phases also becomes relevant. How 

learners engage in regulated learning in the different phases could provide an 

explanation for the qualitative variance in learners’ SRL (Zimmerman, 2013). 

Although each SRL model emphasizes that the different phases are only loosely 

sequenced, the models agree that there is a connection between phases, and they 

affect each other (Azevedo & Witherspoon, 2009). For example, a learner’s 

perception of task difficulty established in the goals and planning phase influences 

the types of strategies the learner uses and how much time the learner invests in 

solving the task during the task enactment phase (Winne & Hadwin, 1998). 

2.4.1 Patterns of regulation in collaborative learning 

Studying regulation as an event requires researchers to understand the context in 

which learning processes emerge, and how different learning processes interact 

with each other. To capture the patterns of regulation during the learning session, 

researchers have relied on different analysis methods, such as lag-sequential 

analysis (Malmberg et al., 2017), process mining (Cress & Hesse, 2013; Paans, 

Onan, Molenaar, Verhoeven & Segers, 2019; Sonnenberg & Bannert, 2015, 2018; 

Su et al., 2018), statistical discourse analysis (Molenaar & Chiu, 2014), and 

process-oriented content analysis (Isohätälä, 2020; Malmberg, Järvenoja & Järvelä, 

2010).  
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Adaptation involves a change when faced with challenges, and thus, its 

occurrence is context dependent. For this reason, process-oriented methods are 

needed to capture adaptive regulation as it happens during the learning process. For 

example, Kwon et al. (2014) analyzed group regulation patterns of six collaborating 

groups during an undergraduate course. The authors found evidence of adaptive 

regulatory behavior: Successful groups engaged in group-level monitoring and 

strategically coordinated their work. Su et al. (2018) used lag-sequential analysis 

to investigate language learners’ regulatory behavior in a computer supported 

collaborative learning (CSCL) context. Participants were asked to complete wiki-

supported collaborative reading activities over a semester. The researchers found a 

difference between the patterns of regulation in high- and low-performing groups. 

High-performing groups showed a pattern of content monitoring, organizing, and 

process monitoring, which the authors considered a sign of group-level adaptive 

regulation. Low-performing groups’ pattern was static and revealed only 

organizing events, suggesting limited regulatory behavior. 

The pattern of regulatory processes was also discussed in a study using 

process-mining methods to discover the effects of metacognitive prompts in a 

hypermedia learning environment (Sonnenberg & Bannert, 2015). The process 

models mined in the study revealed that groups receiving metacognitive prompts 

engaged in a higher number of regulation loops, and orientation, goal-setting, and 

planning events were better integrated within the process. Another study looked at 

static or adaptive use of strategy after verbalized monitoring in a hypermedia 

learning environment and found that adaptive strategy use is positively related to 

learning (Binbasaran Tuysuzoglu & Greene, 2014). In addition to monitoring 

events, self-reports of learners’ perceptions of the learning situation can offer 

valuable information about how they interpret the learning situation and whether 

they see a need to regulate their learning (McCardle & Hadwin, 2015). 

As the field develops a better understanding of regulation patterns, it becomes 

possible to provide targeted support to learners. To provide targeted and adaptive 

support, learners’ regulatory processes need to be traced in real-time, which 

requires exploring new data sources. The next sub-section describes how 

multimodal data in general, and physiological data in particular, have been used in 

learning sciences.  
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2.4.2 Multimodal data channels for capturing regulation 

In recent years, methodological advances have allowed researchers to develop new 

methods for capturing regulation of learning (Reimann, 2019). A review of articles 

focusing on capturing cognitive, motivational, and emotional learning processes 

found that researchers still tend to focus on these aspects in isolation (Noroozi et 

al., 2020). The authors of the review called for the use of multimodal data indicators 

to capture the interplay of different learning processes.  

A major challenge in using multimodal data for capturing regulation has to do 

with the different granularity of the data sources. Physiological data, for example, 

contains multiple measurements per second. Video data coding cannot happen at 

the same level of detail, as meaningful episodes happen over several seconds or 

minutes rather than milliseconds. Choosing a level of granularity must be guided 

by the research questions, as well as the theoretical foundation of the work. Winne 

(2019) pointed out that when comparing Zimmerman’s (1989) self-regulated 

learning model with Winne and Hadwin’s (1998) model, the latter is more detailed, 

and thus, has higher granularity. For this reason, Winne and Hadwin’s (1998) model 

is more suitable for recognizing more micro-level processes that would be missed 

when relying on Zimmerman’s (1989) model. Conversely, using Zimmerman’s 

model as the basis for analysis shifts the focus to a macro-level perspective, 

allowing insight into different phenomena. To be able to combine video data with 

physiological data, the method of analysis for physiological data must provide 

information at the same level of granularity as the video data analysis. 

The use of physiological data in learning research has been on the rise as 

unobtrusive sensors became available that can be used in the classroom setting. In 

recent studies, wearables were used while students completed project- or task-

based tasks (Havard & Podsiad, 2020). Guidelines for including physiological data, 

including wearables, are that it should have a meaningful role in data collection 

(Havard & Podsiad, 2020); that the used measures are grounded in theory for 

meaningful results (Kok, 2019);that the new technologies should be studied for the 

problems that they can address, not to focus on the tools themselves (Bonk & Wiley, 

2020); and that different data types should be combined to capture complex 

processes such as regulation (Azevedo, 2015). Discussing specifically novel data 

sources and methods in research on regulation in CSCL, Winne (2015) emphasized 

the importance of choosing data sources and methods that can trace and identify 

shifts in metacognitive activity as they occur, and Azevedo and Gašević (2019) 
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called for more empirical studies to confirm the methodological relevancy of using 

multimodal data for theoretical progress in the field of regulated learning. 

This dissertation includes analysis of heart rate data to explore whether they 

can be used to capture traces of regulation, adaptation in particular. Heart rate data 

were chosen as the heart rate is known to react to emotional stimuli (Haiblum-

Itskovitch, Czamanski-Cohen & Galili, 2018; Ilves & Surakka, 2012) and cognitive 

stress (Cranford et al., 2014; Haapalainen et al., 2010; Wilson, 2002). Thus, the 

data have the potential to capture cognitive and emotional triggers for regulation. 

For example, in a study investigating cognitive load during an online complex 

problem-solving task, the authors found a significant relation between self-reported 

cognitive load and heart rate (Larmuseau, Cornelis, Lancieri, Desmet & Depaepe, 

2020). 

Looking at group regulatory processes, physiological synchrony has been one 

of the ways researchers aimed to capture group-level physiological changes. 

Physiological synchrony (or compliance) is the phenomenon when the 

physiological signals of people interacting synchronize (Elkins et al., 2009). It was 

initially examined between a mother and her unborn fetus, between married 

spouses, and between a psychologist and a patient (for a review, see Palumbo et al., 

2016). It was also found to be a useful tool for investigating group processes 

(Montague et al., 2014), and has been linked with better performance in the context 

of a computer game (Elkins et al., 2009), a sense of togetherness between 

improvisers (Noy, Levit-Binun & Golland, 2015), and group cohesion and team 

trust among people solving a fast-paced puzzle task (Strang, Funke, Russell, Dukes 

& Middendorf, 2014). 

In recent years, physiological synchrony has been explored in the context of 

collaborative learning (Ahonen et al., 2016, 2018; Chanel, Bétrancourt, Pun, 

Cereghetti & Molinari, 2013; Haataja, Malmberg & Järvelä, 2018; Pijeira-Díaz, 

Drachsler, Järvelä & Kirschner, 2016). Ahonen et al. (2016) examined 

physiological synchrony in a classroom environment, and found that synchrony 

occurred among collaborating dyads and was related to their self-reported work 

load and quality of collaboration. Haataja et al. (2018) investigated physiological 

synchrony during a collaborative learning session and found that high synchrony 

was associated with high monitoring frequency. When considering learning 

outcomes and physiological synchrony indices, Pijeira-Díaz et al. (2016) found a 

correlation between directional agreement and learning gain, confirming the link 

between performance and physiological synchrony. 
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Capturing physiological synchrony is not the only way to study group-level 

physiological processes. Viewing the collaborative group and their physiological 

signals as a dynamic system allows the researcher to use an array of analytical 

methods that have the potential to explain how different regulatory processes are 

connected with each other and with the physiological data of the group members 

(Hilpert & Marchand, 2018). These methods include using vector quantization to 

compress the data to identify shifts in behavior (Xu, Wang, Chen & Lian, 2019). 

In SSRL, collective monitoring triggers adaptation, which is needed to 

overcome challenges and progress in collaborative learning (Hadwin, Järvelä, et al., 

2018). Shared monitoring can target cognition, motivation, emotions, or behavior. 

To gain insight into this complex and shared process, in this dissertation multimodal 

data are used, as they have the potential to reflect critical phases of regulated 

learning as they occur during the process of collaboration (Harley et al., 2015). 
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3 Aim 

The main objective of this dissertation is to capture adaptive regulation in a 

collaborative learning situation using novel technologies for data collection and 

process-oriented analytical methods. The methodological objective is to explore the 

potential of heart rate data as a marker for group-level regulatory processes, 

adaptation in particular. To achieve these objectives, two different data sets were 

collected. The three articles on which this dissertation is based were guided by 

unique research questions that are reported in the articles.  

The dissertation is structured around three empirical aims (1–3) and one 

methodological aim (4): 

1. Explore differences between high- and low-challenge collaborative learning 

sessions in terms of temporal sequences of SRL phases (see Article I) 

2. Investigate how groups progress after metacognitive monitoring in 

collaborative learning sessions (see Article II, Article III) 

3. Explore the temporality of learning processes in terms of adaptive and 

maladaptive behavior (see Article I, Article III) 

4. Explore the potential of heart rate data as a marker for group-level regulatory 

processes, such as adaptation (Article II, Article III). 

Figure 1 illustrates the main concepts of the empirical aims of this dissertation, as 

well as their relationship to one another. 
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Fig. 1. Illustration of the empirical aims of the dissertation. 
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4 Methods 

The studies in this dissertation used the process-oriented methodological approach 

aimed at capturing regulation as it happens during collaboration. The three articles 

were based on two studies, as part of two Academy of Finland funded projects 

PROSPECTS (2014) and SLAM (2016), which investigated regulation in the 

collaborative learning context. The studies were conducted in the Finnish 

educational system, in two different, ecologically valid settings. The core of the 

dissertation is based on qualitative analysis of the video observations, which is 

complemented by log data to define high- and low-challenge sessions (Article I) 

and cardiovascular data analysis (Article II and Article III) to capture adaptation. 

4.1 Participants, context, and research design 

The participants in the first study (the PROSPECTS project) were 44 higher-

education students in teacher training (mean age = 24.9, 36 women), who 

participated in a mathematics didactics course. Article I is based on this study. The 

course lasted six weeks, and throughout the course, students worked in groups of 

four designing a term plan for mathematics lessons. During the collaborative 

learning sessions, learners were instructed to use the S-REG tool designed to 

support SSRL (Järvelä et al., 2016). The collaborative learning sessions were 

videotaped. Article I focuses on these videotaped collaborative learning sessions, 

where students worked together designing the term plan. 

The participants in the second study (the SLAM project) were high school 

students (N = 31, age 16–17 years, 8 female and 23 male students) who were 

enrolled in an optional advanced physics course. The course consisted of 18 lessons, 

75 min each. Each lesson involved a short introduction to the topic by the teacher, 

followed by collaborative group work. The researchers and the teacher jointly 

designed the collaborative tasks. The students worked in groups of three throughout 

the course. Six lessons (lessons 8–13, in the middle of the course), as well as the 

collaborative exam at the end of the course, took place in a learning environment 

specialized in collecting data unobtrusively (LeaForum) that was a short walk from 

the school. Article II focused on the six lessons that were in LeaForum, while 

Article III took a closer look at the collaborative exam. 
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4.1.1 Study I 

Study I was conducted in a higher education context. One of the main requirements 

of the course was to collaboratively develop a mathematics term plan. Students 

were asked to work on the plan throughout the six-week course. Five 90-minute 

timeslots were reserved for this purpose in the LeaForum learning laboratory. 

Attendance was recommended but not mandatory; students had the option to 

organize their work differently. The term-plan sessions were entirely student led. 

The teacher was present to answer questions but did not guide or interfere with their 

work. The groups attended these sessions two to five times (M = 3.7; SD = 1; mean 

duration: 1 h 5 min, SD: 18 min 48 s). 

Designing a term plan is considered a complex task for students, as it requires 

them to review theory, choose additional materials, decide on a teaching method, 

and plan the assessment. They also must break down larger topics into individual 

lessons. Making a term plan for teacher education students can be considered an 

ill-structured task, which can involve more challenges than a well-structured task, 

and thus, more opportunities to regulate their learning (Malmberg et al., 2013; 

Molenaar & Chiu, 2014). 

At the beginning of each session, students were asked to access a mobile 

application called S-REG, which was developed by the researchers to support 

SSRL (Järvelä et al., 2016). When using the tool, students had to rate their cognition, 

emotions, motivation, and behavior, and then discuss the results, which appeared 

in the form of a traffic light signal. After the discussion, they could proceed with 

their task. 

4.1.2 Study II 

Study II was integrated within a high-school elective advanced physics course. 

Participation in the course required students to have passed two other physics 

courses. The lessons took place according to the regular school schedule, either on-

site in school or in the LeaForum learning laboratory, which is a short walk from 

the school. 

At the beginning of the course, students were asked to fill out the cognitive and 

metacognitive strategies part of the Motivated Strategies for Learning 

Questionnaire (MSLQ; Pintrich, Smith, Garcia & Mckeachie, 1991) as a measure 

of their self-regulation profile. Collaborating groups were defined based on the 
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heterogeneity of the learning regulation profiles for the groups to be comparable in 

terms of self-regulation skills. 

At the beginning of the course, students received instruction on the use of the 

course environment where the syllabus and course materials would be available 

(Edx based). They were also introduced to the wristbands that collected 

physiological data and instructed how to put them on. 

Each lesson began with the students finding their place near their designated 

groups and putting on the data collection bracelets, asking for help as needed. Next, 

the teacher discussed the homework with the students, introduced a new topic, and 

explained the task for the lesson. The tasks included working on open-ended 

questions, such as designing an experiment for measuring the speed of light, as well 

as hands-on experiments, for example, measuring the thickness of hair and 

experimenting with lasers, mirrors, lenses, and prisms to study different phenomena 

related to optics. 

At the end of the course, students took an exam, which consisted of two parts: 

individual and collaborative tasks. For the collaborative exam, students worked in 

the same groups as during the course, and they had an hour to solve a similar task 

as during the lessons. 

4.2 Data collection 

Fig. 2. Overview of data channels used in the three articles. 

The two separate data collections took place in a learning laboratory (Leaforum) 

designed for collaborative learning and equipped to allow collect data 

unobtrusively. Figure 2 describes the data types collected in Study I and Study II. 

During study I, 46 h of video data were collected from 11 groups of students who 

worked together in several sessions over the course of six weeks. Additionally, log 

data from the S-REG tool learners used in each session was included in the analysis.  
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In Study II, video and physiological data were collected during six lessons of 

the advance physics course, as well as during the collaborative exam at the end of 

the course. The data analyzed in Article II included data collected from four groups 

during the six lessons. After considering only complete groups with no absent 

students, 18 h 53 min of video data were included in the analysis. In Article III, the 

data collected during the collaborative exam were explored. The collaborative 

session lasted 1 h, but most groups finished the task faster (M = 34 min 58 s, SD = 

16 min 7 s). The video data included in the analysis were collected from nine groups, 

totaling 5 h 15 min of video data. Physiological data were collected from three 

randomly chosen groups, due to the limited availability of data collection devices. 

Figure 3 shows a picture from the data collection. In the following, the data 

collection tools are described. 

 

Fig. 3. Data collection setup for Study II. Data were collected using a 360-degree camera, 

the students had their own microphones and sensors for collected physiological data. 

4.2.1 Log data: S-REG tool 

In the first data collection, log data were collected via the S-REG tool, a HTML5 

mobile application that is designed to support groups’ awareness of the 
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motivational, emotional, and cognitive states that could affect collaborative 

learning (Järvenoja et al., 2017). The application prompts learners to evaluate their 

cognition, motivation, and emotions at the beginning of each lesson and based on 

their ratings, then prompts them with a traffic light signal to activate appropriate 

group-level regulation. The color of the signal is determined by the individual 

ratings. Figure 4 shows a screenshot of the tool that revealed that the group is facing 

serious motivational challenges, as well as some cognitive and emotional 

challenges. After the group members discussed, they were instructed to write down 

the key points in their discussion and the measures they decided to take. The data 

used in Article II included the traffic light indicators each group received at the 

beginning of each session. 

 

Fig. 4. Screenshot of the S-REG tool showing the traffic light indicator: yellow for 

cognition and emotions and red for motivation. The image on the right instructs 

students to discuss the traffic light results. 

4.2.2  Heart rate data: Empatica E4 wristbands 

In the second data collection, heart rate data were collected via Empatica E4 

wristbands. These wristbands (see Figure 5) are medical-grade wearable devices 

that can capture physiological data, including heart rate and electrodermal activity 

(Garbarino et al., 2014). Empatica sensors have been increasingly used in social 

sciences research because they provide an unobtrusive way of collecting 

physiological data (Johannessen et al., 2020; Malmberg et al., 2018; Pijeira-Díaz, 
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Drachsler, Kirschner & Järvelä, 2018). The devices have a recording mode and a 

Bluetooth streaming mode. During the data collection, the wristbands were used in 

recording mode, and the data were downloaded from them after each session. In 

this dissertation, the heart rate data collected by the Empatica E4 wristbands, which 

has 1 Hz frequency, were analyzed. 

 

Fig. 5. Empatica E4 device for collecting physiological data. 

4.2.3 Video and audio data: 360-degree camera  

Video data were central to this dissertation, and all video data were collected in 

LeaForum, a learning laboratory. The learning laboratory equipment includes a 

360-degree camera that hangs high on the ceiling, capturing what is happening 

throughout the lab unobtrusively. In the second study, learners performed 

experiments related to physics, where they needed to stand up to set up the 

equipment. The camera system is integrated with individual microphones; thus, the 

video and audio channels are automatically synchronized. Good-quality video and 

audio data are important for qualitative content analysis, and by using the facilities 

in the learning laboratory, we were able to collect good-quality video and audio 

data unobtrusively. 
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4.3 Data analysis 

Three different types of data were collected in the two studies: video recordings, 

log data, and heart rate data. Before the analysis, the data were pre-processed. The 

video data were synchronized with the audio channels, structured according to the 

groups and sessions, and downloaded on a secure server. The log data from the S-

REG tool were extracted. To access the heart rate data, the recordings were 

downloaded from the Empatica wristbands after each session, and the heart rate 

data were extracted and synchronized for the members of a group. In the following, 

the steps for analyzing these three data sources are described. 

4.3.1 Log data  

The S-REG tool data were used to define the challenge level for each collaborative 

session for each group. As the groups needed to complete a complex task over the 

course of six weeks, it could not be externally evaluated at what stage their work 

was and how challenging the group found that part of the work. The challenge level 

was determined based on the students’ self-reported rating of their cognition, 

motivation, and emotions, through the traffic light indicator the S-REG tool gave 

to the group. If the traffic light showed at least two green lights and no red light, 

the session was tagged as low challenge (n = 15): The tool did not signal that the 

group recognized any considerable challenges at the time. In other cases, the 

session was considered high challenge (n = 24). 

4.3.2 Video recordings  

Video recordings were used as a data source in all three articles. The video 

recordings were analyzed using content analysis methods with the help of NVivo 

software (Article I) or Observer XT (Article II, Article III). The coding schemes 

used were based on theory (e.g., Winne and Hadwin’s [1998] model for phases of 

regulated learning) and previous research (e.g., types of interaction based on Rogat 

& Linnenbrink-Garcia, 2011). The detailed coding schemes are presented in the 

empirical articles. 

After the video data were coded, three different approaches were taken to 

analyze the adaptation in collaborative learning. In Article I, process-mining 

methods were used. Process mining is a type of data mining method (van der Aalst, 

2011) that is used to discover process models from activity sequences, taking into 
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account the sequences and the frequencies of events, as well as examining 

dependencies between them. The resulting process model is a generalized 

representation of the sequences that characterize the data (Reimann, Frerejean & 

Thompson, 2009). Process mining has been increasingly used in SRL research, as 

it allows researchers to investigate regulatory patterns (Bannert, Reimann & 

Sonnenberg, 2014; Paans et al., 2019; Reimann et al., 2009; Reimann et al., 2014; 

Schoor & Bannert, 2012; Sonnenberg & Bannert, 2018). To mine the video data, a 

log was created, which included the coded events with their timestamps. The 

created log file was analyzed with ProM 6.5.1 software using the heuristic mining 

algorithm, as in a review of process discovery algorithms this software was found 

to be suitable for real-life settings (De Weerdt, De Backer, Vanthienen & Baesens, 

2012). 

In Article II and Article III, after the initial coding (monitoring episodes, 

including the target, phase, valence; reaction from the group) was completed, the 

focus was on identifying what events followed certain codes. This allowed 

recognizing temporal codependences between different events. In Article II, the 

focus was on small-scale adaptation, which was conceptualized as occurring when 

after a monitoring event was followed by a reaction, groups switched back to 

monitoring an earlier phase. 

In Article III, on-track, adaptive, and maladaptive sequences are differentiated 

based on the monitoring target and valence. Figure 6 presents an overview of how 

these sequences were defined. Monitoring events targeting behavior are considered 

on-track, because the type of the task required learners to coordinate practicalities 

related to the experiment (setting up and adjusting equipment). Monitoring events 

with positive valence (e.g., recognizing that an answer is correct) also fall into the 

category of on-track sequences. Adaptive sequences were defined as monitoring 

events with negative valence followed by a reaction from the group, whereas 

maladaptive sequences occurred when a monitoring event with negative valence 

did not receive a reaction from the group (there is an issue, but the group is ignoring 

it). Additionally, in Article III, the temporal variation of coded learning processes 

was visualized, and thus, it was possible to categorize the groups’ progress into four 

categories and qualitatively describe these categories. 
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Fig. 6. Coding of on track, adaptive, and maladaptive sequences in Article III. 

4.3.3 Heart rate data 

Two approaches were used to analyze heart rate data: calculating physiological 

synchrony indexes (Article II) and physiological state transitions (Article III). 

Because the focus of the thesis is investigating group-level processes, the methods 

chosen for analyzing heart rate data were also chosen to reflect group-level changes 

in physiology. 

Physiological synchrony (or compliance) is a phenomenon when the 

physiological signals of people interacting synchronize (Elkins et al., 2009). 

Physiological synchrony initially was studied between only two participants. To 

capture physiological synchrony of all three group members, in Article II several 

physiological synchrony indices were combined. First, signal matching scores were 

calculated (Elkins et al., 2009) for each pair of students, and then the mean value 

for the whole group was calculated for each second. Second, directional agreement 

scores were calculated for the whole group for each second. Finally, the two indices 

were aggregated to define synchronous episodes. A total of 335 episodes of high 

synchrony were identified in the data, with a total duration of 1 h 30 min (from 18 

h 53 min of total data). 

As physiological synchrony occurs only in some part of the data, it provides 

no information about what is happening in the moments when there is no synchrony. 

For this reason, another approach was explored that shows group-level changes in 



48 

physiology throughout the learning session. To identify moments when 

physiological state transitions occur, the group was considered a dynamic system 

characterized by the heart rate values of all group members. Treating the 

collaborative group as a dynamic system opens up a variety of analytical methods 

(Hilpert & Marchand, 2018), in this case, the use of the signal-processing method 

called vector-quantization (Gersho & Gray, 1991; Xu et al., 2019). Vector 

quantization compresses the three data streams and identifies the moments when 

the system is undergoing significant changes. These moments are called state 

transitions, and they were found in each group examined (M = 15, SD = 7.2). 

4.4 Evaluation of the research 

This dissertation builds on data sets from two studies with different data sets that 

must be evaluated. When evaluating research, reliability and validity are essential 

criteria to assess. The empirical studies included in this dissertation followed a 

mixed-method approach, where qualitative content analysis of video data was 

combined with other methods and data sources. In mixed-method and qualitative 

research, the aim is not to obtain generalizable results but to understand and explain 

phenomena (Golafshani, 2003). To assess reliability in qualitative research, 

trustworthiness of the researcher and research methods must be assessed. 

Trustworthiness comes from the transparency of reporting the analytical methods 

and the results, as well as the reasoning behind the research (Creswell, 2007). In 

the empirical articles in this dissertation, trustworthiness was considered by 

providing a detailed description of the analysis process, including the coding 

schemes. In addition to the definitions of the coding categories, data examples are 

given for each category. 

To ensure reliability of the coding process, inter-rater reliability was calculated 

for each coding scheme. Inter-rater reliability represents the extent to which the 

raters assign the same code to the same variable (McHugh, 2012). Before the inter-

rater reliability was calculated, clear definitions of the coding categories were 

developed, including data examples. In Article I, 30% of all the video data were 

coded by two independent coders, resulting in good inter-rater agreement (Cohen’s 

κ = .89, Std = .24). In Article II, 20% of the identified monitoring episodes were 

coded by two independent coders, resulting in a moderate level of agreement 

(Cohen’s κ = 0.68). The discrepancies between the coders were discussed, and the 

definitions of the coding categories were negotiated until consensus was reached. 

In Article III, 20% of the data were coded by a second coder, and good agreement 
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was reached for the monitoring target (Cohen’s κ = .74). Moderate agreement was 

reached for valence (Cohen’s κ = 0.69) and the monitoring phase (Cohen’s κ = 0.68), 

as well as for reaction after monitoring (Cohen’s κ = 0.67). In this case, the 

procedure was similar to that in Article II: The discrepancies were discussed, 

consensus was reached, and the coding categories and the coding of the data were 

updated to reflect the re-defined coding categories. 

The validity of the research concerns whether the researchers’ interpretations 

are supported by the data (Peräkylä, 2011). In this dissertation, this was approached 

by providing typical examples from the data in each coding category: In Article I, 

an appendix provides lengthy examples for each coding category. The examples 

allow readers of the articles to judge for themselves how accurate the 

interpretations are. Ecological validity refers to the degree to which the results of 

an experiment translate to real-life situations. For example, if social interaction is 

studied in an experimental setting, it might inadvertently influence the observed 

behavior, causing it to differ from naturalistic performance (Reader & Holmes, 

2016). Ecological validity is one of the strengths of this research: The data were 

collected in a classroom-like setting, in the context of a course in the participants’ 

curriculum. Moreover, the data collection devices were unobtrusive, the video 

cameras were near the ceiling, and the physiological sensors were comfortable and 

watch-like. 

In this dissertation, the different data sources are triangulated, as qualitative 

content analysis of video data was combined with novel methods (process mining) 

and other data sources (log data, heart rate data) to capture group-level adaptation. 

Patton (2002) argued that triangulation can make a study stronger when several 

kinds of methods or data are used, combining quantitative and qualitative 

approaches. Video data are considered a subjective measure, as the coding of the 

video data is dependent on the researchers’ interpretation of the situation. 

Physiological data, in contrast, is considered an objective measure, and it has 

potential to reflect indicators of regulatory processes, or traces of regulation (Winne, 

2019). 

4.5 Ethical issues 

This research followed the guidelines of the Finnish Advisory Board of Research 

Integrity (2012) on responsible conduct of research, as well as the 

recommendations of the Ethics Committee for Human Sciences from the 

University of Oulu. In Study I, the participants were adults participating in a 
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university course. Before the start of the study, it was introduced to the potential 

participants, and consent forms were distributed. It was emphasized that 

participation was voluntary, students’ grades would not be affected by their 

participation or lack of participation in the study, and they had the right to withdraw 

their consent at any time they wished. The consent form also included information 

about the study, data usage, data storage, and contact information for the person 

responsible for the data collection. 

Study II took place in a high-school setting. The participants were 16- to 17-

year-old students who had enrolled in an optional advanced physics course. 

Because the data collection involved collecting physiological data, a statement 

from the Ethics Committee of Human Sciences from the University of Oulu was 

obtained to make sure that the research followed the ethical guidelines. After the 

ethical statement was obtained, permission was requested from the school and the 

teachers. The research study was introduced to the participants before the physics 

course started, and it was emphasized that consent could be withdrawn at any time, 

that participation was voluntary, and their grades for the course would not be 

affected. Consent forms were handed out, and information sheets were sent home 

to the students’ guardians. According to the guidelines for human sciences by the 

National Advisory Board on Research Ethics (2009), a study involving children 

over the age of 15 can be conducted without a guardian’s separate consent. 

The data from both studies were anonymized, and participants’ names were 

replaced with identification (ID) numbers. The document containing the code key 

that connects the personal data and the ID numbers was stored separately from the 

data files. A data management plan was developed that included guidelines for 

accessing data and keeping track of which researcher accessed what type of data. 

The data were stored safely, on University of Oulu servers, physically located at 

the university and maintained by the IT services. When the data or the results were 

presented, the names were replaced with fictitious names. The video data or 

pictures taken during the data collection were presented publicly only if explicit 

permission was given in the consent form, and even then, faces were blurred out as 

an additional safety measure. 

Collecting physiological data even with wristbands is more obtrusive than 

collecting video data, as the wristbands must be placed on the participant’s arm. In 

this study, students were always asked to put on the wristbands themselves, and the 

researchers helped only if asked. After the students put the wristbands on, the 

researchers checked whether the wristbands were worn correctly. Before 

researchers touched the participants’ arms, permission was asked. After the 
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wristband was adjusted, the participant was asked if it was comfortable, and if not, 

it was adjusted further. When the physiological data were analyzed, only research 

questions related to the project and informed to the participants were explored. 
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5 Overview of original articles 

The body of this dissertation consists of three published empirical articles. The aims 

of each empirical article and the author’s main responsibilities are described in 

Table 1. 

Article I explored the difference in patterns of regulation during low- and high-

challenge collaborative learning sessions in terms of the types of interaction the 

learners used and the phases of regulation that occurred. The results of the study 

captured how in high-challenge sessions learners return to planning their work as 

they progress. Article II provided insight into the phenomena of small-scale 

adaptation, by focusing on moments when learners monitored their learning and 

returned to a previous learning phase afterward. Article III investigated how 

different types of monitoring events and the groups’ reaction to them can constitute 

adaptive regulation and maladaptive behavior. 

Article II and Article III contribute to the methodological aim of this 

dissertation, as they used multichannel and multimodal data (heart rate data 

combined with video data) to explore the potential of heart rate data as a marker 

for group-level regulatory processes, such as adaptation. 

Table 1. Aims of the articles and author’s contribution. 

Article  Aim Author’s role 

I To explore the differences between high- and low-

challenge collaborative learning sessions  

1st author, responsible for data 

analysis and theoretical grounding 

II To explore how small-scale adaptation emerges  

through monitoring in a collaborative learning setting 

1st author, responsible for data 

analysis and theoretical grounding 

III To investigate monitoring events, to identify instances  

of adaptive regulation and maladaptive behavior  

1st author, responsible for video 

data analysis and theoretical 

grounding 

5.1 Article I: Exploring temporal sequences of regulatory phases 

and associated interactions in low- and high-challenge 

collaborative learning sessions 

Study I explored how the temporality of regulatory phases differs between low-

challenge (n = 15) and high-challenge (n = 24) collaborative sessions. The study 

was grounded on the assumption that regulation occurs when need arises (Hadwin 

et al., 2011). The participants were university students (N = 44) enrolled in a 

mathematics didactics course that lasted six weeks. They worked together in groups 
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of four throughout the course on developing a mathematics term plan for 

elementary school students. Group work sessions were videotaped. At the 

beginning of each group work session, learners were instructed to use an 

application (S-REG; see Järvenoja et al., 2017; Laru, Malmberg, Järvenoja, 

Sarenius & Järvelä, 2015), which was developed to support SSRL by increasing 

learners’ awareness of their cognition, emotions, and motivation. Based on the 

learners’ answers, the application would display a traffic light color indicating the 

group’s state: green, everything is fine; yellow, there might be some problems; and 

red, there are serious problems. The groups were prompted to discuss the results 

afterward. 

The analysis consisted of three steps: First, high and low-challenge sessions 

were identified for each group based on the S-REG tool data. Second, video data 

were coded for types of interaction (socioemotional, cognitive-focused, mixed) and 

for phases of regulation (forethought, performance, reflection). Third, the data were 

mined for process models for the high- and low-challenge sessions. 

The results showed that high-challenge sessions occur more frequently toward 

the middle of long-term collaboration compared to the beginning and the end. 

Looking at the process models revealed a difference between the low- and high-

challenge sessions. The model for the high-challenge sessions showed several 

regulation loops. Groups switched between the forethought and performance 

phases, while in the low-challenge sessions, groups progressed from the 

forethought phase to the performance phase and stayed in that phase. Using 

process-oriented video data analysis, this study provided new information on how 

regulatory phases emerge in low- and high-challenge learning situations. 

5.2 Article II: Exploring adaptation in socially shared regulation of 

learning using video and heart rate data 

Study II focused on the “regulation loops” identified in Study I and was grounded 

on the assumption that the return to a previous phase of regulation is a sign of 

adaptation, specifically small-scale regulation which is aimed at optimizing the 

current learning session as needed, for example, by updating task understanding or 

plans. The aim of the study was to explore how adaptation emerges through shared 

monitoring and learners’ reaction to monitoring, as well as explore whether 

physiological synchrony can tell about small-scale adaptation. 

The participants (N = 12) were high school students enrolled in an advanced 

physics course; they solved collaborative tasks in groups of three. Video and heart 
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rate data were collected from six lessons. The video data were analyzed in two steps: 

In the first step, monitoring episodes were identified and then coded for the 

monitoring target (cognition, motivation, emotion, behavior) and phase (task 

definition, goal setting, task enactment and reflection and adaptation). In the second 

step, the groups’ reaction was coded (reaction, no reaction). The heart rate data 

were first pre-processed and standardized, after which physiological synchrony 

scores were calculated, and a group-level physiological synchrony index was 

calculated for each second. The episodes with physiological synchrony (f = 335) 

were integrated with the video data coding. 

Results showed that most monitoring attempts were followed by a reaction 

from the group members, and that learners engaged in monitoring most often during 

the task definition and task enactment phases. Looking at the instances when 

learners stepped back to a previous learning phase revealed that small-scale 

adaptation happened when learners switched from enacting tasks to defining them. 

Physiological synchrony was not found to be associated with adaptation but 

happened throughout the learning session. 

This study provided a way to capture small-scale adaptation in collaborative 

learning empirically considering theory and explored the possibility of using 

physiological synchrony as a marker of regulation. However, in this study, it was 

not directly related to this process. 

5.3 Article III: How does monitoring set the stage for adaptive 

regulation or maladaptive behavior in collaborative learning? 

Article III refined the empirical hallmarks of adaptation and differentiated it from 

maladaptive behavior. This study considered not only the monitoring target and 

phase but also its valence (positive: monitoring reveals that the group is on-track, 

negative: something is awry), to identify instances of adaptive regulation and 

maladaptive behavior. The temporality of these instances was explored, as well as 

its relationship with group-level physiological state transitions. 

The context of Article III was the same as for Article II, but this study focused 

on the exam at the end of the physics course. The participants (N = 31) were asked 

to solve a task collaboratively, which would contribute toward their final grade. 

Video data were collected from all students, and physiological data were collected 

from nine students. 

The video data analysis started by identifying monitoring instances, coding 

them for target, phase, and valence, and determining whether the group reacted to 
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the monitoring. Then, monitoring and reaction sequences were labeled as on track, 

adaptive, and maladaptive depending on the monitoring valence involved, and the 

reaction from the group. For the analysis of the heart rate data, to capture significant 

group-level fluctuations, a method called vector quantization was used, which 

relied on treating the group as a dynamic system. Using this method, the 

physiological states the group went through were identified, and the moments when 

the transitions between states occurred were logged. 

The results of this study included a qualitative description of four categories of 

paths groups take to solve the task, in terms of the regulation sequences: smooth 

sailing; What is our task again?; So, how should we proceed?; What are we doing? 

The four categories differed in the types of sequences that were most common, the 

phase of regulated learning they occur in, and their timing within the learning 

session. Physiological state transitions were found to be significantly more frequent 

in sessions when groups were on track. 

The contribution this study made include identifying sequences that indicate 

adaptive regulation or maladaptive behavior and showing how physiological state 

transitions have the potential to be one of the data channels used when investigating 

group-level regulation. This study also showed that there are different regulatory 

paths that all lead to the group eventually solving the task. 
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6 Main findings 

The main aim of this dissertation is to capture adaptive regulation in collaborative 

learning situations using novel technologies for data collection and analytical 

methods starting with macrolevel analysis of challenging learning sessions that are 

informative for adaptation and gradually moving into micro-level events 

illustrating adaptation in detail along with physiological indicators as potential 

markers for adaptation. Specifically, in this dissertation the differences between 

high- and low-challenge sessions were explored in terms of phases of regulation, 

as well as how metacognitive monitoring triggers adaptation, and how sequences 

of adaptive regulation and maladaptive behavior emerge throughout a learning 

session. The main research findings are organized according to the empirical aims 

described in section 3. 

6.1 Differences between high- and low-challenge collaborative 

learning session in terms of SRL phases 

To compare how SRL phases (forethought, performance, and reflection; see 

Zimmerman, 2000) occur in high- and low-challenge sessions, the first step was to 

distinguish between these two types of sessions. In Article I, this was based on the 

students’ evaluation of how challenging they expected the session to be in terms of 

cognition, motivation, and emotions. The results showed no significant differences 

between the high- and low-challenge sessions in the frequency of the SRL phases. 

When looking at the process models of the two sessions obtained with process 

mining, the differences between the sessions became apparent. When facing 

challenges, groups in high-challenge sessions switched between the forethought 

and performance phases repeatedly, whereas in low-challenge sessions groups 

progressed from the forethought phase to the task enactment phase and continued 

in that phase.  

The process models presented in Article I exemplify how regulation phases 

follow the cyclical SRL process in a collaborative learning situation (Molenaar & 

Järvelä, 2014). According to Zimmerman’s (2000) SRL model, the forethought 

phase is followed by the task enactment phase, which is followed by the reflection 

phase, and the regulation phases repeat cyclically. This cyclicality can be observed 

in the process model of the high-challenge sessions presented in Article I. 

Switching back to the forethought phase throughout the session is considered 

evidence of metacognitive activation. As groups become aware of the challenges 
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they face and realize their need for regulation, they regulate their learning by 

returning to the forethought phase and updating their plans or task understanding. 

Regulation is understood to entail adaptation or change as required in the learning 

situation (Hadwin, Järvelä, et al., 2018). In low-challenge sessions, there was no 

need for regulation; therefore, groups stayed in the performance phase completing 

the task without a need for regulation. 

The differences between the temporality of SRL phases in low- and high-

challenge sessions were revealed by the process-mining models for the two types 

of sessions. The results presented in Article I empirically demonstrated that the 

need for regulation triggers group-level adaptive regulation, which can be captured 

by looking at the temporality of the regulatory phases in which learners engage. 

6.2 Progressing after metacognitive monitoring in collaborative 

learning 

Metacognitive monitoring is the mechanism through which learners recognize the 

need for regulation. Monitoring is in the background throughout the learning 

session, and regulation is activated as needed (Nelson & Narens, 1994). Although 

monitoring learning is a metacognitive process that happens internally, in 

collaborative learning situations, monitoring becomes visible when it is shared with 

other group members through verbalizing it. When monitoring reveals a need for 

regulation, the group members need to react to it and jointly regulate their learning, 

for example, by adjusting the strategies used or adapting their plans or task 

understanding. Monitoring can have different targets (cognition, motivation, 

emotions, or behavior), and it can be activated in different phases (task definition, 

goal-setting and planning, task enactment, adaptation, and reflection). Recently, 

monitoring valence has also been considered: Negative valence monitoring signals 

an issue, and positive valence monitoring confirms that the group is progressing as 

intended (Azevedo, 2020). 

Learners reacted to more than two thirds of monitoring attempts (Article II, 

Article III), which is in line with previous research and suggests that shared 

regulatory processes, such as planning, monitoring, or evaluating, coincide with 

moments of high participation (Isohätälä et al., 2017). When looking more closely 

at the monitoring target, the results showed that monitoring motivation and 

emotions were the least likely to be followed up on (Article II, 52.27%; Article III, 

70.37%). This type of monitoring was scarce in the data; thus, no conclusions can 

be drawn. Considering the monitoring valence, it was found that monitoring events 
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with negative valence were followed by reaction less often than those with positive 

valance. 

Looking at the combination of monitoring events and the reaction to them led 

to defining three different event sequences in Article III: adaptive, maladaptive, and 

on track. A sequence was considered adaptive when a monitoring event with 

negative valence (signaling need for regulation) was followed by reaction from the 

group. In maladaptive sequences, a monitoring event with negative valence was not 

followed by a reaction; the group ignored the event. On-track sequences consisted 

of monitoring events without valence, such as monitoring behavior. The last type 

of sequence was the most common in the data, which is possibly due to the hands-

on nature of the tasks. Adaptive sequences were the second most common. The 

context in Article III was the collaborative exam, and all groups received high 

grades on the exam. The findings are in line with previous research that showed 

adaptive regulation skills are linked to higher performance (Järvelä et al., 2013; J. 

Zheng et al., 2019). 

6.3 Temporality of adaptive regulation and maladaptive behavior  

Collaboration is not static; it evolves over time. Identifying shifts in metacognitive 

activity using novel methods and data sources is critical to develop targeted support 

for learners when needed (Winne, 2015). Previous studies have explored adaptivity 

through offline measures, such as self-reports (Martin, 2007) or surveys used to 

measure goals and goal structures (Anderman & Midgley, 2002). Recently, studies 

have focused on patterns of behavior. 

The process models presented in Article I showed how macro-level coding can 

capture the need for regulation and the cyclicality of regulation phases in high-

challenge collaborative sessions that contribute to successful collaboration. In 

Article III, the context was a collaborative exam situation, which was a challenging 

task during which learners needed to monitor their progress and jointly regulate 

their learning to be successful. 

According to the results presented in Article III, groups’ progress was 

categorized based on how adaptive, maladaptive, and on-track sequences emerged 

during the collaboration. Groups belonging to the “smooth sailing” category had 

the highest percentage of on-track sequences, progressed according to the self-

regulated learning cycle, and rarely returned to a previous phase. Returning to a 

previous phase is an opportunity to update task definitions or plans as needed 

(Winne & Perry, 2000). The groups in this category progressed smoothly and did 
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not need to regulate their learning, as evidenced by the low frequency of monitoring 

events with negative valence. 

Groups in the second category (“What is our task again?”) switched between 

the task enactment and task definition phases often; groups in the third category 

(“So how should we proceed?”) switched back and forth between the task 

enactment and goal-setting and planning phases. The last category (“What are we 

doing?”) can be characterized by frequent adaptive regulation during the task 

enactment phase. Groups in this category had the least amount of on-track behavior 

and the highest frequency of adaptive regulation in response to monitoring events 

with negative valence. 

Knowing that all these groups successfully completed the task in the allocated 

time suggests that there is not one straightforward way toward the solution, and that 

there is more than one path to success in terms of regulation of learning. 

Considering three different dimensions of monitoring, namely, the target, valence, 

and phase, and what follows, it was possible to identify the sequences of regulation 

that indicate adaptive or maladaptive behavior. 

6.4 Heart rate data as a marker for regulatory processes 

To explore how heart rate data react to group-level regulatory processes, two 

approaches were taken. In Article II, physiological synchrony indices were 

calculated. Physiological synchrony is a useful tool for studying group processes 

(Montague, Xu & Chiou, 2014) and has the potential to reveal shared regulation 

processes (Haataja et al., 2018). The assumption was that synchrony of the heart 

rates might be associated with adaptation in SSRL, as this highly metacognitive 

process requires sharing of cognitive, emotional, and motivational states (Hadwin, 

Järvelä, et al., 2018). The results presented in Article II show that episodes of 

synchrony occurred in all the sessions, and evenly throughout them. Physiological 

synchrony occurred to the same extent before and after adaptation, as well as when 

there was no adaptation; therefore, the initial assumption was not supported. 

Physiological synchrony provides insight only into the moments when 

physiological synchrony happens, which in these data were 14.44% of the total 

duration of the sessions. To explore how the heart rate changes throughout the 

session, a different method of analysis must be used. 

The next approach was to calculate the physiological state transition, a method 

that is sensitive to significant group-level heart rate changes throughout the session. 

In Article III, physiological state transitions were found to be significantly more 
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frequent when groups were on track and needed to control their learning process 

less: A positive correlation was found between physiological state transitions (Rs 

= .23, p = .041) and on-track sequences. On-track sequences involved monitoring 

behavior, or monitoring cognition, motivation, or emotions with positive valence. 

This result suggests that physiological state transitions have the potential to signal 

groups are not facing challenges. 
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7 Discussion and conclusion 

Collaborative learning is a complex process, where learners need to set shared goals, 

monitor their progress, and coordinate their efforts to overcome challenges, either 

through adjusting strategies or through adapting their task understanding, plans, or 

goals. Regulation of learning in general, and adaptation in particular, is important 

for learning performance in collaborative learning. However, capturing and 

studying adaptation is difficult, as it must be studied as part of the learning process. 

Therefore, studying adaptation in collaborative learning requires methods that 

consider the temporality of the learning processes and use different data sources 

(such as video observation, heart rate) to capture traces of the metacognitive 

processes that make up regulated learning. 

The main aim of this dissertation was to capture adaptive regulation in 

collaborative learning situations using novel data collection and analytical methods. 

It explored the differences between high- and low-challenge sessions in terms of 

phases of regulation, how metacognitive monitoring triggers adaptation, and how 

sequences of adaptive regulation and maladaptive behavior emerge throughout a 

learning session. In addition, the potential of heart rate data as a marker for group 

regulatory processes was explored. 

This dissertation illustrates how self-regulatory phases occur in a collaborative 

learning setting: In high-challenge sessions, learners switched between the 

forethought and performance phases throughout the session, whereas in low-

challenge session groups moved from the forethought to performance phase and 

then continued there. Returning to the forethought phase when facing challenges 

can be interpreted as a sign of metacognitive activation (Sonnenberg & Bannert, 

2015). When learners become aware of a challenge, it triggers regulation. By 

definition, regulation is understood as adaptation or change of different learning 

processes (Järvelä & Hadwin, 2013). The findings in this dissertation show 

empirical evidence of the cyclicality of regulated learning in a collaborative context: 

When learners faced challenges, they chose to return to the planning phase and 

adapted their task understanding, plans, or goals. 

Gaining a deeper understanding of how adaptation is triggered required us to 

focus on the moments when metacognitive monitoring was followed by switching 

back to a previous phase. The present study provides empirical evidence that small-

scale adaptation is activated by shared monitoring. The group acknowledging the 

monitoring is a sign that the monitoring process becomes shared. Socially shared 

monitoring has been found to support effective group work (Fransen et al., 2011) 
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and sets the stage for socially shared regulation of learning (Hadwin, Järvelä, et al., 

2018). The results also show that small-scale adaptation most often leads to groups 

updating their task understanding. Previous research showed similar findings. Zhou 

(2013) analyzed patterns of self-regulatory traces in an online learning environment 

and found that learners with mastery-approach goal profiles were the most strategic, 

and they typically revisited task instructions also after having engaged in task 

enactment. 

After zooming in on the phenomenon of small-scale adaptation, we focused on 

how adaptive sequences occur throughout the session. Exploring how patterns of 

adaptive, maladaptive, and on-track sequences occur in a collaborative learning 

situation resulted in identifying four different categories patterns. These categories 

qualitatively describe how the groups progressed (“Smooth sailing”; “What is our 

task again?”; “How should we proceed?”; “What are we doing?”) as they all 

succeeded in solving the task. Recognizing that there are different paths to success 

can help develop an adaptive support system that recognizes these different ways 

of progressing. As learners progress with the task, they can have different 

opportunities to change their strategies or adapt their task understanding or plans 

(Malmberg et al., 2017). 

The methodological aim of this dissertation was to explore whether heart rate 

data can be used as a marker for group-level regulatory processes. On one hand, 

the study did not find a relation between physiological synchrony of group 

members’ heart rate and adaptation. A possible explanation for this result could be 

that physiological synchrony was a result of interaction in general (Chanel & Muhl, 

2015), not of regulation in particular. On the other hand, the empirical results 

suggest that physiological state transitions that are based on heart rate have 

potential to reveal when groups are on track. The results presented in this 

dissertation show that physiological state transitions are markedly more frequent in 

sessions when groups are on track. When groups face challenges or high cognitive 

load, it can be reflected as an elevated heart rate (Cranford et al., 2014). In a group 

setting, if all group members had high heart rates due to stress, it would result in a 

low number of physiological state transitions. When groups are on track, they 

engage in various strategies for task enactment that have varying levels of cognitive 

load which results in changing heart rate levels, and thus, more physiological state 

transitions at the group level. Thus, physiological state transitions have potential to 

reveal information about regulation of learning. 

This dissertation contributes to the research field of socially shared regulation 

of learning through exploring the phenomena of adaptation in collaborative 
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learning setting using multimodal data (video, heart rate) and process-oriented 

methods. Triangulation of multimodal data allows for capturing important moments 

in SSRL as they occur in collaborative learning situations. In commentary in a 

special issue of Learning and Instruction, Reimann (2019) described how recent 

methodological progress allowed for theory advancement in the field of self-

regulated learning. He argued that to achieve a process-oriented view of a 

phenomenon, we need to consider what event triggers it and what event it triggers. 

This dissertation accomplished this: It captured adaptation based on what happens 

before (shared monitoring with negative valence) and considered what occurs after 

(monitoring in earlier phase). This dissertation also provided an empirical 

framework based on theory for identifying adaptation and differentiating it from 

maladaptive behavior. Critical phases of collaboration were identified considering 

temporal patterns of regulation: three dimensions of monitoring (target, valence, 

and phase) as well as what happens after these monitoring events. 

Considering practical implications, this research contributed to the theoretical 

grounding of detecting challenging collaborative learning sessions, and adaptive 

regulation within these sessions. There is still a long way until the findings of this 

research can be applied to teaching and learning practice. However, due to the rapid 

development of technological devices (e.g., unobtrusive sensors) and analysis 

methods, there is a potential that in the future it will be possible to recognize in 

real-time when learners are facing challenges and whether they engage in 

adaptation or fail to do so, providing them the necessary amount of support when 

needed. 

7.1 Limitations 

This dissertation has several limitations. First, the studies included high-performing 

participants: teacher education students (Study I) and high school students who 

chose to participate in an advanced physics course (Study II). Using high-

performing groups provided insight into how successful groups adapt their task 

understanding, plans, and goals when facing challenges; however, it provided few 

examples of maladaptive behavior. In the future, it would be fruitful to include 

lower-achieving groups in studies to gain a better understanding of the array of 

maladaptive strategies learners use and to be able to identify the key moments that 

distinguish between success and failure. 

Second, monitoring and small-scale adaptation are inherently metacognitive 

processes that are difficult to capture. In this dissertation, video and heart rate data 
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were used to attempt to capture traces of these processes in collaboration as they 

become shared in interaction. On an individual level, monitoring and adaptation 

could have occurred without it being visible to the observer and thus, remained 

unaccounted for in this analysis. However, as the focus of the dissertation was on 

shared processes, these instances were beyond the scope of this work. 

Third, we had to contend with missing data during the data collection process. 

Missing data are a reality when working in an ecologically valid setting. The 

physiological sensors could malfunction and not record, or students can get sick or 

miss a session for other reasons. Although the sample sizes are not large, and the 

results of this dissertation cannot be generalized, this thesis provided a transparent 

way to capture adaptive regulation in collaborative learning. 

7.2 Directions for future research and final remarks 

Interest in using multimodal data and process-oriented analytical methods for SRL 

research has been increasing in recent years (see Azevedo & Gašević, 2019). This 

is because SRL is not a static trait, but a dynamic process influenced by the context 

and the learning situation (Winne, 2010b). This is why more empirical work is 

needed to progress in theory building. Because SRL, especially metacognition, is 

an invisible and mental process, using different data channels (such as video, log, 

physiological, and eye-movement data and self-reports) makes it possible to 

capture traces of SRL and SSRL that would have remained otherwise invisible. 

However, combining different data channels with different levels of granularity is 

not easy. In addition, defining the most appropriate level of granularity for 

aggregating data resulting from different data channels remains unsolved. 

Collecting multichannel data is challenging. It needs a modern research 

infrastructure and preferably a large number of participants due to the increased 

possibilities of data loss (Järvenoja et al., 2019). Thus far, we have only scraped the 

surface in terms of finding innovative ways to combine multiple data channels. 

However, the results of combining multiple data channels in the area of SRL 

research are promising. However. there is a need for larger data sets for 

generalizability of results, and at the same time, there is a need to go deeper in the 

data to find micro-level temporal connections between processes. Collaborative 

groups can be considered complex systems, where the cognitive, emotional, 

motivational, and behavioral states of the group and its group members are related 

to each other and in constant flux (Hilpert & Marchand, 2018). For this reason, to 

analyze a big data set containing multimodal data collected from groups of students, 
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there is a need to find innovative data processing and data analysis solutions, such 

as machine learning or artificial intelligence, and replicate the studies to confirm 

the findings (Baker & Siemens, 2014). 

Adaptation is a core feature of regulation; however, capturing the adaption in 

real learning situations has been difficult because of methodological constraints. 

The empirical results presented in this dissertation show how multimodal data and 

novel methodologies make it possible to identify critical moments in collaborative 

learning, such as adaptive regulation. This dissertation makes four contributions to 

the field of SRL. First, process mining has potential to reveal information about the 

learning process and to distinguish between high- and low-challenge collaborative 

learning sessions. Second, monitoring with negative valence, meaning when 

learners recognize and voice that things are not going as expected, invites learners 

to actively regulate their learning when collaborating. Third, this dissertation 

provides a well-defined description of how to empirically capture and investigate 

small-scale adaptation (Winne & Hadwin, 1998). Fourth, this dissertation takes a 

step forward by combining physiological data with identified regulatory processes, 

and this combination of multichannel data potentially holds promise for future 

multidisciplinary research that is needed in the field of educational sciences. 

However, by looking at these results as a whole, this dissertation gives an 

inspiring look for the future in terms of providing empirical guidelines how to 

identify small-scale adaptation combined with physiological data and analytical 

approaches, such as process mining, that can be used to identify high- or low-

challenge learning situations. In the future, there is a need to identify how small-

scale adaptations relate to physiological markers, such as synchrony or transitional 

states, of collaborating groups, and how these small-scale adaptations relate to 

high- and low-challenge learning sessions. Ultimately, small-scale adaptations have 

the potential to contribute to large-scale adaptations, which affect how learners 

approach tasks in the future. This is important, as this dissertation examined the 

core mechanisms of small-scale adaptation, but not how effective it is for future 

learning situations. Today, we know what characterizes successful or good SRL, 

but we do not know how learners reach it. If these mechanisms could be unraveled, 

it could be possible to contribute to theory in terms of how students develop their 

SRL over time (Zimmerman, 2000) and develop idiographic analytical methods 

that would capture the influence of small-scale adaptations for future learning. To 

conclude, in the future my research will continue to explore the effectiveness of 

small-scale adaptations for learning and future development of SRL skills. 
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