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Abstract 

Serious games, as one type of multimedia learning environments, are widely assumed to foster 

the acquisition of complex cognitive skills. However, while the potential of serious games is 

well founded in theory, empirical evidence for this claim is scattered. One reason for this can 

be seen in the application of largely inadequate assessments relating to complex cognitive skill 

acquisition. Secondly, learner-state characteristics (such as learner engagement and learning-

centred emotions) during learning can affect learning outcomes in serious games. The 

interrelations between learner-state characteristics, however, have largely been neglected in 

research so far. This lack of research can partly be explained by the difficulties of assessing 

learner-state characteristics during learning.  

This thesis addresses these shortcomings in three empirical studies. The first study introduces 

an assessment focused on complex cognitive skill acquisition, based on measuring the 

development of learners’ mental models. Moreover, two components of learner engagement are 

tested in relation to the development of mental models, using a learning analytics approach as 

an online assessment. Self-monitoring (pertaining to the component of cognitive-behavioural 

engagement) was found to be the only significant positive predictor for the accuracy of mental 

models after a game. Based on this finding, the second study considers the interrelations 

between self-monitoring and the learning-centred emotions of enjoyment, boredom and 

frustration. The results reveal, firstly, that during learning with serious games, diverging 

temporal relations exist between self-monitoring and these different emotions. Secondly, 

boredom was found to have a direct negative effect on development of mental models after 

learning with serious games, whereas an indirect negative effect of frustration was detected via 

self-monitoring. The results of the second study also point to the issue of continuous emotion 

assessment during learning. The third study, therefore, investigates the potential for bodily 
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expression to be used as a non-invasive online assessment tool to gauge learning-centred 

emotions during learning with serious games. Using a depth-image sensor, head posture, 

activity and upper-body posture parameters could be identified as indicators of enjoyment, 

boredom and frustration. In conclusion, this thesis not only provides deeper insights into how 

the learner-state characteristics of learner engagement and learning-centred emotions interrelate 

to affect acquisition of complex cognitive skills through serious games; it also extends the 

methodological toolkit that could be utilized in future research to investigate learner 

characteristics “as they occur” during learning with serious games and in other multimedia 

learning environments. 
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Zusammenfassung 

Serious Games, als multimedialen Lernumgebungen, wird das Potential zugeschrieben, 

Lernende bei der Aneignung komplexer kognitiver Fertigkeiten zu unterstützen. Die empirische 

Befundlage stützt diese Annahme bislang jedoch nur teilweise. Ursachen hierfür werden zum 

einen in der oftmals inadäquaten Erfassung komplexer kognitiver Fertigkeiten gesehen. Zum 

zweiten können Lerner-Charakteristika während des Lernens mit Serious Games (wie Lerner-

Engagement und lernbezogene Emotionen) erheblichen Einfluss auf das Lernresultat nehmen. 

Deren Zusammenwirken ist bislang jedoch noch unzureichend erforscht, wofür wiederum die 

hohen Anforderungen an die Erfassung solcher Charakteristika im Lernverlauf 

mitverantwortlich gemacht werden. Diese Dissertation widmet sich daher in drei empirischen 

Studien der Erfassung sowie der komplexen Wirkbeziehungen von Lerner-Engagement, 

lernbezogenen Emotionen und dem Erlernen komplexer kognitiver Fertigkeiten. In der ersten 

Studie wird zunächst die Erfassung komplexer kognitiver Fertigkeiten im Bereich 

Finanzkompetenz mittels mentaler Modelle vorgestellt. Darüber hinaus werden 

unterschiedliche Komponenten von Lerner-Engagement über Learning-Analytics Techniken 

während des Lernens mit einem Serious Game erfasst und in Hinblick auf die mentale 

Modellentwicklung untersucht. Die Ergebnisse zeigen, dass lediglich das zur Komponente des 

kognitiv-behavioralen Engagements gehörende Self-Monitoring ein signifikanter positiver 

Prädiktor für die Genauigkeit des mentalen Modells nach dem Spielen ist. Darauf aufbauend 

widmet sich die zweite Studie den Wirkbeziehungen zwischen Self-Monitoring und den 

lernbezogenen Emotionen Freude, Langeweile und Frustration im Lernverlauf. Hier zeigen sich 

zum einen unterschiedliche Dynamiken in den Beziehungen zwischen Self-Monitoring und den 

verschiedenen Emotionen. Zum zweiten können ein direkter negativer Effekt von Langeweile 

und ein indirekter negativer Effekt von Frustration (via Self-Monitoring) auf die mentale 

Modellentwicklung beobachtet werden. Die dritte Studie befasst sich schließlich mit der 
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Problematik der kontinuierlichen Erfassung lernbezogener Emotionen im Lernverlauf. Unter 

Verwendung eines Tiefensensors wurde der Körperausdruck der Lernenden erfasst und mit 

selbst-berichteter Emotion während des Lernens mit dem Serious Game in Beziehung gesetzt. 

Dabei konnten Parameter der Kopfhaltung bzw. -bewegung sowie der Oberkörperhaltung als 

Indikatoren für Freude, Langeweile und Frustration identifiziert werden. Zusammenfassend 

tragen die Ergebnisse dieser Dissertation nicht nur zum Verständnis von Lerner-Charakteristika 

im Lernverlauf in Serious Games bei. Darüber hinaus werden auch Ansätze zur Erfassung 

dieser Charakteristika aufgezeigt, die künftige Erforschung in diesem Bereich erleichtern kann. 
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Chapter 1 

General Introduction 

Multimedia learning environments such as serious games (the main focus of this thesis) offer a 

promising setting for advancing learners’ understanding as well as the acquisition of knowledge 

and skills. In particular, scholars are becoming increasingly interested in the potential of serious 

games to support acquisition of complex cognitive skills such as computer programming, 

driving a car and financial planning (see Van Merriënboer & Kirschner, 2017; Wouters et al., 

2009). Complex cognitive skills are characterized as composites of several constituent skills 

which are hierarchically structured (Van Merriënboer & Kirschner, 2017). For example, the 

complex skill of “financial planning” is constituted by second-level skills such as collecting 

information about financial products, selecting a product and concluding a contract (Aprea & 

Wuttke, 2016). These second-level skills are themselves constituted by lower-level skills such 

as information search strategies, which require even more basic skills, such as operating a 

search engine. Some constituent skills at the most basic levels (e.g., operating a search engine) 

are performed as automatic processes, which require little attentional effort and are executed in 

terms of the automatic application of rules (Van Merriënboer, 1997). However, constituent 

skills at higher levels (as well as the complex skills at the top of the hierarchy) are considered 

to be non-automatic (Van Merriënboer & Kirschner, 2017). These skills involve problem-

solving, reasoning and decision-making, all of which require focused attention and are prone to 

errors. In order to develop these higher-level skills and apply them in new and unfamiliar 

situations, learners need to acquire generalized knowledge first. This is accomplished initially 

by accumulating knowledge in the early stages of skill acquisition. In later stages, the focus 

shifts to structural organization of knowledge, which is characterized by the integration of 

knowledge about problem states and pertinent solution strategies (Kraiger et al., 1993; Van 

Merriënboer, 1997).  
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Serious games might have the potential to particularly support acquisition of non-automatic 

skills by facilitating knowledge organization and integration (Moreno & Mayer, 2007; Van 

Merriënboer & Kirschner, 2017; Wouters et al., 2011). This potential is fuelled by inherent 

design aspects of serious games, such as presenting learning material in verbal and pictorial 

form and providing a high degree of interactivity. For example, combined use of words and 

pictures (the basic principle of multimedia learning) (Mayer, 2005a) is assumed to reduce the 

cognitive load associated with processing learning material (Mayer & Moreno, 2003). Recall, 

organization and integration of information to be learned should, therefore, be enhanced (see 

Fletcher & Tobias, 2005). Likewise, serious games allow learners to actively interact with game 

environments, providing feedback which is presented as the consequences of learners’ actions 

(Prensky, 2001; Rieber, 2005; Van Merriënboer & Kirschner, 2017). This form of 

contextualized feedback is thought to help learners select and organize relevant information, 

and integrate new information with existing knowledge (Moreno & Mayer, 2007). 

In addition to facilitating knowledge organization and integration (as described above), serious 

games may further affect the acquisition of complex cognitive skills via motivational and 

affective factors. For example, the high degree of interactivity in serious games enables learners 

to take an active role in their learning process (Rieber, 2005). Moreover, interactivity and 

inherent game aspects such as competition speak to learners’ basic psychological needs for 

autonomy, competence and relatedness (Deci & Ryan, 2000; Ryan et al., 2006). By allowing 

learners to adopt an active role and satisfy their basic needs, serious games are generally seen 

to promote positive affect, motivation and engagement alongside learning (Kirschner et al., 

2011; Moreno & Mayer, 2007; Prensky, 2005; Rieber, 1996; Ritterfeld et al., 2009; Ryan et al., 

2006). 
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Although the effects of serious games have been extensively investigated (for an overview, see 

Clark et al., 2016; Connolly et al., 2012; Wouters et al., 2013), empirical findings provide an 

inconsistent picture regarding the acquisition of complex cognitive skills (cf. Barzilai & Blau, 

2014; Brennan & Vos, 2013; Wouters et al., 2013). In their meta-analysis, Wouters et al. (2013) 

found serious games to have a generally positive effect on cognitive skill acquisition compared 

to conventional instructional methods (e.g., listening to a lecture). However, they also reported 

widely varying effect sizes ranging from d = –0.98 (i.e., for a serious game found to be inferior 

to the control condition) to d = 2.22 (i.e., for a serious game found to be superior to the control 

condition). Similar results in terms of effect-size ranges emerged in a more recent meta-analysis 

by Clark et al. (2016). The high variability found in these meta-analyses may be partly 

attributable to the wide range of learning domains addressed in the included studies. 

Nevertheless, conflicting results between studies can also be found when serious games are 

used in the same learning domain, such as financial skills (cf. Barzilai & Blau, 2014; Brennan 

& Vos, 2013), biology (cf. Barab et al., 2012; McQuiggan et al., 2008) or maths (cf. Jong et al., 

2006; Kebritchi et al., 2010). In sum, these findings indicate that there is no definite proof of 

serious games’ effectiveness for complex cognitive skill acquisition and that more insight is 

needed into its determining factors. 

In light of the inconclusive findings outlined above, the aim of this thesis is not only to add to 

the existing body of research but also to expand our understanding of factors that contribute to 

the effectiveness of serious games in complex cognitive skill acquisition. To this end, the 

studies in this thesis seek to overcome three shortcomings which have been identified as 

possible causes for the inconsistent findings in existing research. Firstly, assessment of complex 

cognitive skill acquisition in existing studies has largely been inappropriate (Wouters et al., 

2009, 2011). Secondly, while motivational and affective factors have been widely investigated 

as learning outcomes of serious games (e.g., Clark et al., 2016), their role as learner-state 
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characteristics during gameplay, as well as their interplay, have largely been neglected. Thirdly, 

assessment of learner-state characteristics during gameplay has suffered from methodological 

shortcomings (e.g., Schrader et al., 2017). In the remainder of this introductory chapter, these 

shortcomings will be discussed in more detail, together with the approaches chosen to resolve 

them. 

Assessment of Complex Cognitive Skill Acquisition: Measuring Development of Mental Models 

Numerous scientists have emphasized the heightened importance of structural organization of 

knowledge in complex cognitive skill acquisition, as opposed to simple accumulation of 

knowledge (e.g., Kraiger et al., 1993; Van Merriënboer & Kirschner, 2017; Wouters et al., 

2009, 2013). Nevertheless, in serious-game research, acquisition of complex cognitive skills is 

widely assessed using traditional verbal knowledge tests (e.g., Adams et al., 2012; Annetta et 

al., 2009; Barab et al., 2012; McQuiggan et al., 2008; Wouters et al., 2009, 2011) or self-reports 

of learners’ perceived learning (e.g., Barzilai & Blau, 2014; Hamari et al., 2016). However, 

such tests are usually incapable of assessing structural knowledge and have, therefore, shown 

little predictive value in terms of skill proficiency (see Kraiger et al., 1993). What is more, 

traditional knowledge tests may fail to account for the contextualized nature of learning with 

serious games, which concerns structural and organizational aspects of knowledge 

representation rather than the accumulation of knowledge (see Moreno & Mayer, 2007; 

Wouters et al., 2011). To overcome these shortcomings, measurement of mental models has 

been proposed as a means of assessing complex cognitive skill acquisition in serious games 

(e.g., Darabi et al., 2009; Wouters et al., 2011).  

The term mental model generally refers to individuals’ internal representations of external 

phenomena, with an emphasis on the structural organization of knowledge (Glaser, 1989; 

Johnson-Laird, 1983; Jonassen, 1995; Kraiger et al., 1993; Merrill, 2000; Messick, 1984; 
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Norman, 1983; Rouse & Morris, 1985; Seel, 2003; Van Merriënboer et al., 2002; Van 

Merriënboer & Kirschner, 2017; Van Merriënboer, 1997; Vosniadou & Brewer, 1992). In 

educational contexts, mental models are seen to represent how learners’ knowledge about a 

specific domain or target system (e.g., a physics topic or computer program) is mentally 

organized (Jonassen, 1995; Van Merriënboer & Kirschner, 2017). The function of mental 

models is to let learners run internal simulations of processes within the target system, which 

helps learners predict, evaluate and interpret the possible consequences of their actions 

(Johnson-Laird, 1983; Seel, 2003). This facilitates not only detection of problems encountered 

during a task but also identification and integration of pertinent solution strategies. Mental 

models thus have a crucial role in problem-solving, reasoning and decision-making, all of which 

are involved in the higher-level, non-automatic aspects of complex cognitive skills (Glaser, 

1989; Van Merriënboer & Kirschner, 2017; Van Merriënboer et al., 1992). 

Once developed, how well a cognitive skill can be performed depends on the accuracy of mental 

models. Mental model accuracy (MMA) indicates how well problems are represented and 

integrated with solution strategies (Van Merriënboer & Kirschner, 2017; Van Merriënboer, 

1997). Empirical support for the role of MMA in cognitive skill acquisition is mainly provided 

by research in the field of training evaluation (e.g., Acton et al., 1994; F. D. Davis & Yi, 2004; 

M. A. Davis et al., 2003; Day et al., 2001; Dorsey et al., 1999). In particular, studies comparing 

domain experts and novices confirm that MMA is a valid predictor of training performance, 

skill retention and skill transfer (e.g., F. D. Davis & Yi, 2004; Day et al., 2001; Kraiger et al., 

1995). These results provide the rationale for assessing complex cognitive skill acquisition by 

measuring the development of mental models, seen as changes in MMA from learning with a 

serious game. Thus, an effort is made in this thesis to establish a measure that captures the 

structural organization of knowledge in mental models and to adopt this in the current context 

of complex cognitive skill acquisition. 
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Consideration of Learner-State Characteristics and Their Interplay 

The effectiveness of serious games depends on a variety of characteristics (pertaining either to 

design aspects of the learning environment or individual learner characteristics) and the 

interactions between these. In terms of design, numerous studies in the context of serious games 

have investigated the role of factors such as graphics, different forms of feedback and the level 

of competition in a game (for an overview, see Clark et al., 2016). In terms of the role of learner 

characteristics, research has so far predominately focused on cognitive aspects such as level of 

expertise (see Kalyuga, 2014) or working memory capacity (see Wiley et al., 2014). In addition 

to such trait-like cognitive aspects, motivational and affective learner-state characteristics might 

also play an important role in multimedia learning. In the context of serious games, learner 

engagement and learning-centred emotions are of particular relevance as they are inherently 

connected to gameplay (see Kirschner et al., 2011; Moreno & Mayer, 2007; Prensky, 2005; 

Rieber, 1996; Ritterfeld et al., 2009; Ryan et al., 2006). However, engagement and emotions 

are most often investigated as additional outcomes of serious games, which are affected by 

variations in game design aspects (e.g., McKernan et al., 2015; Plass et al., 2013; Schneider et 

al., 2016). In contrast, their role as learner-state characteristics that unfold over the course of 

learning with serious games has been less extensively researched (e.g., Eseryel et al., 2014; 

Shute et al., 2015). 

Promotion of learner engagement through authentic tasks is a major argument for the use of 

serious games in education (Rieber, 1996). Notwithstanding this, a clear definition of learner 

engagement is largely lacking in empirical research in the context of serious games. For 

instance, authors have often used the term “engagement” to refer to a variety of different 

concepts, such as enjoyment, flow, immersion, intrinsic motivation or usability (e.g., Admiraal 

et al., 2011; Boyle et al., 2011; McKernan et al., 2015; Ortiz et al., 2015). In this thesis, I adopt 
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the definition by Pekrun and Linnenbrink-Garcia (2012), which is an extension of the 

conceptualization provided by Fredricks et al. (2004). Accordingly, learner engagement is 

defined as “active, energetic and approach-oriented involvement with academic tasks” (Pekrun 

& Linnenbrink-Garcia, 2012, p. 260). Furthermore, Pekrun and Linnenbrink-Garcia (2012) 

view learner engagement as a multicomponent construct consisting of cognitive, motivational, 

behavioural, cognitive-behavioural and social-behavioural engagement. In this thesis, the 

focus is on two engagement components, namely behavioural and cognitive-behavioural 

engagement. Behavioural engagement refers to the amount of activity related to effort and 

persistence in learning tasks, thus emphasizing the extent of engagement (Fredricks et al., 2004; 

Pekrun & Linnenbrink-Garcia, 2012). While behavioural engagement is generally thought to 

positively affect learning in the classroom (see Fredricks et al., 2004), its role in multimedia 

learning, particularly in serious games, is more controversial. For example, Mayer (2005b) has 

questioned whether the sheer amount of activity shown in multimedia learning environments is 

a valid predictor of learning outcomes. This might have even greater significance for serious 

games, in which learners may show effort and persistence in relation to game elements that are 

meant to be entertaining but which do not actually relate to the learning objective (Rieber & 

Noah, 1997; Rowe et al., 2009). Nevertheless, the limited empirical findings available seem to 

contradict these presumptions by showing positive relations between behavioural engagement 

and learning outcomes (e.g., Eseryel et al., 2014; Rowe et al., 2011). In particular, it has been 

reported that behavioural engagement positively predicts knowledge gains in microbiology 

(Rowe et al., 2011) as well as the acquisition of complex scientific problem-solving skills 

(Eseryel et al., 2014). However, for these studies, methodological issues in terms of behavioural 

engagement assessment can be raised and will be discussed in the next section. 

Cognitive-behavioural engagement, the second engagement component of interest here, is 

distinguished from behavioural engagement as it does not represent the general amount of effort 
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put into a task. Instead, cognitive-behavioural engagement refers to learners’ activity in relation 

to non-automatic cognitive processes, such as engaging in metacognitive learning strategies 

(Pekrun & Linnenbrink-Garcia, 2012). Metacognitive strategies most commonly refer to 

planning, monitoring and evaluation of the learning process in general (see Boekaerts, 1999). 

In the context of multimedia learning, Moreno (2005) has highlighted the role of metacognitive 

strategies within the framework of her cognitive-affective theory of learning with media 

(CATLM). Accordingly, metacognition mediates learning by regulating the cognitive processes 

required for deep understanding, such as selection, integration and organization of information 

(Moreno, 2005; Moreno & Mayer, 2007). The role of metacognition may be even more 

pronounced in learning via serious games, which do not usually provide learners with guidance 

about effective task processing during gameplay (Orvis et al., 2009). Among different 

metacognitive strategies, self-monitoring takes a central role in online task processing (Efklides, 

2011). Self-monitoring refers to the processes of identifying a task, checking task progress and 

predicting task outcome (Schmidt & Ford, 2003). Based on the information gained from these 

processes, learners adapt their learning strategies, e.g., reallocating time and effort (Efklides, 

2011; Efklides et al., 1999). In the specific context of complex cognitive skill acquisition and 

development of mental models, self-monitoring supports users’ ability to identify and handle 

cognitive conflict arising from interactions with a target system (Merenluoto & Lehtinen, 

2004). Thus, self-monitoring is crucial for correcting misconceptions in existing mental models, 

which is a prerequisite for increasing MMA. Empirical support for the relevance of self-

monitoring in development of mental models has been found in multimedia learning (e.g., 

Greene & Azevedo, 2009; Roscoe et al., 2013) but not yet in the context of serious games.  

Emotions (the second learner-state characteristic addressed in this thesis) are broadly defined 

as affective episodes in response to specific objects or events that are important to the individual 

(Frijda, 1988; Rosenberg, 1998; Scherer, 1987). These episodes are considered to be relatively 
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short-lived, which distinguishes emotions from other affective phenomena such as moods 

(Scherer, 2005). In his control-value theory of achievement emotions (CVT), Pekrun (2006, 

2000) further defines specific learning-centred emotions that either relate to achievement 

outcomes or achievement activities. In this thesis, the focus is on the latter, since emotions are 

being investigated as learner-state characteristics during game-based achievement activity. The 

activity-related emotions most commonly investigated in an academic context are enjoyment, 

boredom and frustration (e.g., Pekrun, 2006; Pekrun et al., 2017; Putwain et al., 2017). These 

are also the emotions most frequently reported to be experienced during learning with serious 

games (D’Mello, 2013). The triggering of these emotions in games is commonly connected to 

design features such as visual aspects, exploration, fantasy and competitive elements (Quick et 

al., 2012). For example, enjoyment is experienced when the competitive level in a game 

matches learners’ skills, whereas boredom can arise when the level of competition is either too 

low or too high (Van Lankveld et al., 2010). Moreover, frustration is experienced when 

learners’ skills or knowledge are too low to overcome a competitive situation (Gilleade et al., 

2005; Van Lankveld et al., 2010). 

In terms of the effects of learning-centred emotions on cognitive skill acquisition in serious 

games, assumptions can be drawn based on CVT (e.g., Pekrun, 2006). For example, discrete 

positive emotions such as enjoyment are reported to be beneficial for behavioural engagement, 

intrinsic motivation, allocation of cognitive resources and attention direction in academic 

settings (e.g., Meinhardt & Pekrun, 2003; Pekrun, 2002; Pekrun et al., 2004; Pekrun & 

Linnenbrink-Garcia, 2012). In terms of negative emotions, boredom is assumed to negatively 

affect attention to relevant phenomena and can lead to superficial information processing 

(Baker et al., 2010; Pekrun et al., 2010). Likewise, intense or prolonged experiences of 

frustration can also cause superficial information processing (Walonoski & Heffernan, 2006) 

and can negatively affect elaboration and the mental effort invested (Pekrun et al., 2011). On 
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the other hand, frustration experienced at moderate levels may also facilitate problem-solving 

by increasing the mental effort expended on resolving misconceptions (D’Mello & Graesser, 

2014; Kort et al., 2001; Pekrun et al., 2007). 

In the context of serious games, however, research into the effects of learning-centred emotions 

on cognitive skill acquisition is limited and has produced inconclusive results (cf. Baker et al., 

2010; Forsyth et al., 2015; Giannakos, 2013; Iten & Petko, 2016; Sabourin et al., 2012; Shute 

et al., 2015). For example, Giannakos (2013) found a positive relation between enjoyment and 

learning outcomes after learners played a game to train basic arithmetic operations. In contrast, 

Iten and Petko (2016) found no significant relation between enjoyment and learning outcomes 

from playing a media competency game. Likewise, Forsyth et al. (2015) used a game-like 

intelligent tutoring system for scientific method teaching but did not find that induced 

enjoyment had a significant effect on learning outcomes. In terms of negative emotions, Baker 

et al. (2010) showed that boredom experienced in a mechanics game led to increased superficial 

information processing, whereas no significant effect was found for frustration. Nevertheless, 

Sabourin et al. (2012) reported a negative relation between frustration and the amount of 

information gathering carried out by learners playing a microbiology game. In contrast, Shute 

et al. (2015) showed that frustration indirectly predicts learning outcomes positively via game 

score in a game based on Newton’s laws of physics. 

To summarize, reported findings indicate that the role of learner engagement and learning-

centred emotions in complex cognitive skill acquisition during serious games is far from clear. 

What is more, in the few studies that have been carried out to date, these learner-state 

characteristics have only been investigated in isolation from one another (e.g., Greene & 

Azevedo, 2009; Sabourin et al., 2012). Nevertheless, learner engagement and learning-centred 

emotions are assumed to be interrelated, and the assumption that emotions affect engagement 
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is the most prevalent (Pekrun & Linnenbrink-Garcia, 2012). For example, there is evidence that 

enjoyment is positively related to behavioural engagement in terms of invested effort (e.g., 

Ainley et al., 2005; Pekrun, 2002; Pekrun et al., 2007). In contrast, negative emotions have 

shown diverging relations with behavioural engagement, depending on whether they are 

considered to be deactivating (e.g., boredom) or activating (e.g., frustration; see Pekrun & 

Linnenbrink-Garcia, 2012). Boredom, for example, is invariably shown to be negatively related 

to behavioural engagement, whereas frustration appears to have positive relations with invested 

effort (e.g., Linnenbrink, 2007; Pekrun, 2002). With regard to cognitive-behavioural 

engagement in terms of self-monitoring, positive emotions are assumed to have a positive effect 

by promoting cognitive flexibility (Isen, 2001). Conversely, negative emotions foster rigid and 

analytical thinking, so they should hinder engagement in self-monitoring (Isen, 2001; Pekrun 

& Linnenbrink-Garcia, 2012). However, a contrasting effect has also been discussed in terms 

of self-monitoring as a predictor of learning-centred emotions (see Pekrun, 2002; Pekrun & 

Linnenbrink-Garcia, 2012). Specifically, it is assumed that engaging in self-monitoring could 

enhance perceived control of the learning process. According to CVT, this should lead to 

positive learning-centred emotions (Pekrun et al., 2002). Empirically, the relations between 

cognitive-behavioural engagement and learning-centred emotions have been addressed in 

academic contexts (Mega et al., 2014; Pekrun, 2002; Pekrun et al., 2004, 2011, 2017). However, 

these were mostly large-scale surveys using single-time measurements in retrospect, so the 

direction of the effects and their temporal dynamics could not be addressed. Therefore, the 

question remains as to whether learning-centred emotions triggered during learning predict 

engagement in self-monitoring or whether the opposite is the case.  

20

Chapter 1 - General Introduction



Assessment of Learner-State Characteristics 

As with the development of mental models (already exemplified), appropriate assessment of 

learner-state characteristics during serious gameplay is an issue to be concerned with. In 

previous studies, the role of learner engagement and learning-centred emotions was often 

investigated using retrospective self-reports (e.g., Giannakos, 2013; Iten & Petko, 2016; 

Schmidt & Ford, 2003). However, this approach fails to account for the rapid changes in learner 

state that occur during learning (see D’Mello & Graesser, 2012a; Kort, 2001). What is more, 

single-time, retrospective self-reports do not facilitate analysis of possible temporal dynamics 

between learner-state characteristics during gameplay. To overcome these shortcomings, in this 

thesis, I will describe online measures for capturing learner-state characteristics while learners 

are playing serious games. 

In terms of behavioural engagement, a data analytics approach was applied, based on data about 

learners’ interactions with educational content (Serrano-Laguna et al., 2017). Previous studies 

have assessed behavioural engagement during learning with a serious game, e.g., using the 

score achieved in a game (Rowe et al., 2011) or the number of tasks completed (Esereyel et al., 

2013). However, such measures of in-game achievement can depend on – and thereby be 

confounded by – prior knowledge in the subject field (e.g., Shute et al., 2015). Additional 

measures previously used to assess behavioural engagement in serious games include total 

gameplay time (e.g., Esereyel et al., 2013). While this can be a valid indicator of engagement 

(e.g., Boyle et al., 2012), total time spent on gameplay may also reflect engagement in game 

phases less relevant to the learning objective (see Rieber & Noah, 1997; Rowe et al., 2009). 

Thus, in this thesis, an effort is made to apply measures of behavioural engagement that 

differentiate between game phases with high or low relevance to the learning objective.  
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Likewise, in the case of behavioural engagement, a data analytics approach was also applied to 

examine the second engagement facet of metacognitive self-monitoring. In a previous study, 

Pieschl et al. (2012), for example, showed that the time spent on a task in a hypertext learning 

environment was a valid indicator of self-monitoring. This method has, therefore, been adopted 

for this thesis. 

To gauge learners’ experience of learning-centred emotions, self-reports are considered to be 

the most reliable, straightforward and efficient method (Scherer, 2005). Thus, in the second 

study of this thesis, emotion self-reports were administered repeatedly during gameplay to 

overcome the limitations of retrospective assessments. However, this method still has several 

disadvantages. Most importantly, repeated self-reports interrupt the learning experience and do 

not allow an unobtrusive and continuous assessment of emotions (Pagulayan et al., 2003; Picard 

et al., 2004). Moreover, by repeatedly asking learners to report their emotions, the effects of 

emotions on cognitive and metacognitive processes could be distorted (Keltner et al., 1993). To 

overcome these limitations, objective indicators for emotions have been discussed (see 

Schrader et al., 2017). For example, collection and analysis of responses from the autonomous 

nervous system (e.g., cardiovascular signals or electrodermal activity) have been widely studied 

(for an overview, see Larsen et al., 2010). While these measures of physical changes allow an 

individual’s level of activation to be assessed, detection of discrete emotions is limited (Larsen 

et al., 2010). Moreover, collection of this type of data usually requires sensors being attached 

to subjects’ bodies, which can potentially disrupt the learning experience. As an alternative, 

analysis of behavioural expression (i.e., facial and bodily expression) using non-invasive 

techniques has come into focus as a means of investigating emotional experience during 

interaction with serious games (Kleinsmith & Bianchi-Berthouze, 2013; Schrader et al., 2017). 

While most studies in the field have focused on analysing facial expressions (see Gunes & 

Pantic, 2010; Karg et al., 2013), bodily expression can provide a crucial and complementary 
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contribution to emotion recognition (Kleinsmith & Bianchi-Berthouze, 2013). This may 

account, in particular, for learning-centred emotions such as boredom or frustration, which are 

less easily recognized on the basis of facial expressions (D’Mello & Graesser, 2012b).  

The theoretical foundation for using bodily expression to assess emotions is provided by 

component models of emotions, such as Scherer’s component process model (Scherer, 2001). 

According to this model, an emotion-eliciting stimulus event is first appraised in relation to its 

relevance to the individual, its implications for the individual’s well-being, the individual’s 

potential to cope with it and its significance in relation to social norms and values. Upon this 

appraisal, reactions are formed in five organismic subsystems, pertaining to the five 

components of cognition, peripheral efference, motivation, motor expression and subjective 

feelings (Scherer, 2001). Bodily expression belongs to the motor expression component, which 

serves to communicate an individual’s reaction and behavioural intention towards a stimulus 

event (Scherer, 2005). According to Scherer (2001), specific features of bodily expression can 

be differentiated as possible reactions to emotion-eliciting stimulus events (e.g., few/slowed 

movements and a slumped posture, as a result of an appraisal of low coping potential). The 

function of bodily expression as a means of communicating emotions to others has been shown 

empirically in various studies of interpersonal emotion perception (e.g., Meeren et al., 2005; 

Pollick et al., 2001; Van den Stock et al., 2007). 

In order to utilize bodily expression for emotion assessment in the context of serious games, 

the relevant features of bodily expression need to be identified (Kleinsmith & Bianchi-

Berthouze, 2013). To date, this has predominately been done by relying on actors instructed to 

use sets of discrete emotions (e.g., Castellano et al., 2007; De Silva & Bianchi-Berthouze, 2004; 

Gunes et al., 2015; Roether et al., 2009; Wallbott, 1998). However, acted emotion displays are 

prone to providing prototypical expressions rarely shown in real-world contexts (Russell & 
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Barrett, 1999). An additional aim of this thesis is, therefore, to provide a proof of concept to 

test the potential of bodily expression for emotion recognition in serious games. Moreover, I 

have also endeavoured to identify indicators of bodily expression which relate to genuine 

emotional experience during learning with a serious game.  

Overview of This Thesis 

The major aim of this thesis is to advance research regarding the effectiveness of serious games 

for complex cognitive skill acquisition. In particular, the role of learner-state characteristics 

during learning with serious games is of major interest. Furthermore, this thesis addresses 

shortcomings in existing research regarding assessment of complex cognitive skill acquisition 

and learner-state characteristics. Figure 1 provides an overview of major themes covered by the 

three empirical studies that constitute this thesis. The three studies are presented in in the 

following chapters in the order in which they were carried out, and the same serious game (i.e., 

Cure Runners) was used in all the studies to train participants’ cognitive skills in the domain of 

financial literacy. 

Figure 1. Overview of major themes addressed in this thesis 
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The first study is presented in Chapter 2 (published in Computers in Human Behavior) and 

focuses on testing the effectiveness of game-based financial skill acquisition. In addition, the 

role of behavioural engagement and cognitive-behavioural engagement in terms of self-

monitoring are investigated in relation to complex cognitive skill acquisition. To overcome the 

shortcomings of previous studies, a structural assessment of learners’ mental model 

development was used as a means of measuring complex cognitive skill acquisition. A data 

analytics approach was also applied to assess the two components of learner engagement.  

The study presented in Chapter 3 was published in Frontiers in Psychology. It builds on the 

insights gained from the first study, which identifies self-monitoring as the crucial component 

of learner engagement in the development of mental models. Thus, the major aim in this second 

study is to take a closer look at the combined effects of self-monitoring and three discrete 

learning-centred emotions (i.e., enjoyment, boredom and frustration) on mental model 

development. In particular, the temporal dynamics between these learner-state characteristics 

are of interest. Mental model development and self-monitoring were assessed using the methods 

introduced in Chapter 2. In addition, repeated self-reports of emotional experiences were used 

during learning with the serious game.  

The study in Chapter 4 (published in Frontiers in Psychology) addresses the limitations 

associated with assessing learning-centred emotions during learning with serious games. In 

particular, Chapter 4 provides a proof of concept for the application of bodily expression 

indicators related to emotional experience. In this study, learners’ body posture and activity 

were captured using a depth-image sensor, which facilitates unobtrusive data collection during 

learning with the serious game. Repeated self-reports of learning-centred emotions (as used in 

the study presented in Chapter 3) serve as the ground truth for genuine emotional experience. 
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Finally, in Chapter 5, the results of the three empirical studies are summarized and discussed in 

light of existing research. In addition, the limitations of this thesis are reflected upon, and 

directions for future research are discussed. To conclude, practical implications are discussed 

in terms of the development and application of serious games for complex cognitive skill 

acquisition.  
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Chapter 2 

Study 1: Impacts of Behavioural Engagement and Self-Monitoring on the Development 

of Mental Models Through Serious Games: Inferences from In-Game Measures 

This chapter contains the full text paper relating to the first study of this thesis. The major aims 

of this study were to investigate the effectiveness of a serious game for the acquisition of 

complex cognitive skills, as well as the role of learner engagement in complex cognitive skill 

acquisition. In particular, the study focuses on behavioural engagement and cognitive-

behavioural engagement in terms of self-monitoring during learning. Moreover, in the study, 

we addressed shortcomings associated with assessment of complex cognitive skill acquisition 

and learner engagement, as outlined in Chapter 1. 

The major contribution of this study is its insight into the predictive value and relative 

importance of two aspects of learner engagement in relation to complex skill acquisition in the 

domain of financial literacy. In addition, a measure of learners’ structural organization of 

knowledge relating to financial literacy was developed in order to assess learners’ complex 

cognitive skill acquisition. Using this approach, the accuracy of learners’ mental models could 

be assessed, providing a more meaningful proxy for complex skill proficiency than methods 

used in previous studies (see Chapter 1). Finally, a learning analytics approach was adopted to 

objectively assess behavioural engagement and cognitive-behavioural engagement in terms of 

self-monitoring. Moreover, the applied engagement measures were independent of learners’ in-

game achievement and thus not confounded by learners’ prior knowledge, as was the case in 

previous studies (see Chapter 1). 

In relation to the overarching aims of this thesis (see Figure 1), the focus of the study presented 

in this chapter is illustrated in Figure 2.  
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Figure 2. Overview of themes addressed in the study by Riemer and Schrader (2016b) in relation to this thesis 

The study was published in Computers in Human Behavior with the following citation and is 

reprinted with permission from Elsevier B.V. according to usage rights granted to authors 

(https://www.elsevier.com/__data/assets/pdf_file/0007/55654/AuthorUserRights.pdf): 

 Riemer, V., & Schrader, C. (2016). Impacts of behavioral engagement and self-monitoring on 

the development of mental models through serious games: Inferences from in-game 

measures. Computers in Human Behavior, 64, 264–273. 

https://doi.org/10.1016/j.chb.2016.06.057 
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a b s t r a c t

The present study investigated the potential of serious games for the acquisition of complex cognitive
skills by assessing learners’ mental model development, operationalized as an increase in Mental Model
Accuracy (MMA). Furthermore, we assessed behavioral engagement and self-monitoring as two specific
engagement types within the gameplay process and analyzed their impact on mental model develop-
ment. German undergraduate students (N ¼ 97) played a serious game developed to foster practical
money skills. We obtained pre- and post-gaming measures of MMA to analyze the development of
mental models by applying a structural assessment method. Unobtrusive measures of behavioral
engagement and self-monitoring were obtained by computerized collection of participants’ in-game
activities. Although we did not find a significant increase in overall MMA through playing, the degree
of self-monitoring had a significant and positive effect on post-gaming MMA, even beyond the effect of
initial MMA. Behavioral engagement had no impact on mental model development; however, it was
positively related to self-monitoring behavior. The results are discussed in light of findings from research
on self-regulated learning and controversial notions regarding the effect of behavioral engagement in
serious games. In addition to insights into gameplay processes that affect mental model development
through serious games, the present study also has practical implications in stressing the importance for
game designers to provide learners with the opportunity to engage in self-monitoring behavior while
playing a serious game.

© 2016 Elsevier Ltd. All rights reserved.
1. Introduction

The potential of serious games, defined as computer-based
games developed for a purpose other than entertainment
(Michael & Chen, 2006; Ritterfeld, Cody, & Vorderer, 2009), is seen
in their ability to model complex realities and to provide interactive
experiences that enables learners to immediately experience the
consequences of their actions. This has made serious games
increasingly popular for the acquisition and training of complex
cognitive skills. Also called high-performance skills (e.g., Schneider,
1985), complex cognitive skills are defined as a set of multiple and
highly interrelated constituent skills in the cognitive domain,
which involve continuous processing and exhibit goal-directed
. Riemer), claudia.schrader@
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behaviors (van Merri€enboer, 1997). Complex cognitive skills come
into operation in situations or systems where a variety of problem
states needs to be transformed into goal states. In order to
accomplish these goal states, the constituent skills are required to
conduct specific behaviors pertaining to problem detection, diag-
nosis, and solution (van Merri€enboer, 1997). Recent examples of
complex cognitive skills addressed in serious games research are
skills for conducting emergency procedures (e.g., Toups, Kerne, &
Hamilton, 2011; Wouters, Van der Spek, & van Oostendorp, 2011),
military strategy skills (e.g., Orvis, Horn, & Belanich, 2009; Serge,
Priest, Durlach, & Johnson, 2013), or financial skills such as prac-
tical money management (Barzilai & Blau, 2014).

While many researchers (e.g., Wouters, Van der Spek, & van
Oostendorp, 2009; Wouters, van Nimwegen, van Oostendorp, &
Van der Spek, 2013) argue that serious games have the potential
to support the acquisition of complex cognitive skills, the empirical
findings reveal a more inconsistent picture. Brennan and Vos
(2013), for example, reported a positive effect on financial skills
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using a business game. In contrast, Barzilai and Blau (2014) could
t find a general effect on participants’ financial skills through
aying a serious game. Besides the mixed findings for different
mes within the same subject domain, in a study investigating the
pact of serious gaming on inquiry skills, Dede, Ketelhut, Clarke,
elson, and Bowman (2005) reported inconsistent effects due to
ethodological problems. In their study, a gaming group only
tperformed the control group when learning performance was
sessed via a written essay, but not when it was tested with open-
ded questions. Therefore, these results highlight the need for
ore research including the application of more appropriate
ethods of assessment for complex cognitive skill acquisition
outers et al., 2009).
To overcome the issue of assessment, in the current study we

vestigate the effectiveness of a platform game on practical money
ills by measuring learners’ mental model development. Mental
odel development is seen as one of the most important pre-
quisites to and, thus, indicator of cognitive skill acquisition (e.g.,
raiger, Salas, & Cannon-Bowers, 1995). However, only a few
udies in the field of game research investigate cognitive skill
quisition by assessing learners’ existing mental models and their
velopment (e.g., Van der Spek, van Oostendorp, Wouters, &
arnoudse, 2010; Van der Spek, Wouters, & van Oostendorp,
11; Wouters et al., 2011).
Besides the issue of assessment in recent studies, little is known
out the factors that determine mental model development
ithin the process of serious game playing. Thus, we examine the
le of learners’ engagement during gameplay on mental model
velopment as engagement is widely seen as a primary rationale
r the application of serious games in educational settings (e.g.,
arris, Ahlers, & Driskell, 2002; Rieber, 1996). Specifically, we focus
behavioral engagement, defined as the amount of effort and

rsistence invested in a task (Fredricks, Blumenfeld,& Paris, 2004;
krun & Linnenbrink-Garcia, 2012) and on self-monitoring as an
pect of cognitive-behavioral engagement (Pekrun& Linnenbrink-
arcia, 2012). In order to gain objective and unobtrusive assess-
ents of these two types of engagement and investigate their
pact on mental model development, the computerized regis-
ation of learners’ in-game activities serves as real-time indicator
engagement in our study.
Both, the investigation of mental model development and the
le of the two types of engagement aim to gain a deeper under-
anding of the mechanisms underlying complex cognitive skill
quisition in serious games. Moreover, using in-game activities as
dicators of behavioral and cognitive-behavioral engagement, the
sults can substantially enhance game developers’ and educators’
derstanding about learner behaviors that might foster or hinder
ental model development while playing a serious game.

1. Mental model development as an indicator of complex cognitive
ill acquisition in serious games

Mental models are generally identified as higher-order learning
jectives that are meaningfully structured in individuals’ minds
ohnson-Laird, 2001; Jonassen, 1995; Kraiger, Ford, & Salas, 1993;
n Merri€enboer, van Jelsma, & Paas, 1992). Greene and Azevedo
009) define mental models more specifically as “representa-
ons that include the declarative, procedural, and inferential
owledge necessary to understand how a complex system func-

ons” (p. 19). Mental models reflect the in-depth understanding,
ganization, and relation of knowledge containing concepts rele-
nt to the skill acquisition (Kraiger et al., 1993; van Merri€enboer
al., 1992). As such, mental models can be seen as knowledge

ructures that comprise the representations of concepts as well as
e structural relation between these concepts (Jonassen, 1995;
30
essick, 1984).
Mental models are typically associated with the ability to

entify meaningful functions, forms, and requirements of tasks
ouse &Morris, 1985) and to interpret objects and events within a
ntext (Messick, 1984). These organizational and functional as-
cts of mental models specifically account for their capacity to
tegrate the detection and the diagnosis of problem states
gether with the identification of appropriate solution strategies
laser, 1989; van Merri€enboer et al., 1992). Thus, mental models
e assumed to provide the basis for complex cognitive skill
quisition (van Merri€enboer, 1997). To test the presumed impli-
tions of mental models for the acquisition of complex cognitive
ills, there has been a concentrated effort mostly in the field of
aining evaluation (e.g., Acton, Johnson, & Goldsmith, 1994; F. D.;
avis & Yi, 2004; M. A.; Davis, Curtis, & Tschetter, 2003; Day,
rthur, & Gettman, 2001; Dorsey, Campbell, Foster, & Miles,
99). Findings of empirical studies comparing domain experts
d novices confirm that an increase in mental model accuracy (i.e.,
e similarity to an expert referent model), is a valid predictor of
aining performance, skill retention, and skill transfer (e.g., F. Davis
Yi, 2004; Day et al., 2001; Kraiger et al., 1995).
In game research, the assessment of complex cognitive skill
quisition has predominantly been done by assessing declarative
owledge (e.g., Boeker, Andel, Vach,& Frankenschmidt, 2013; Hou
Li, 2014). However, Kraiger et al. (1993) argued that measuring
clarative knowledge is only appropriate for the initial stages in
quiring a novel skill and less capable to find differences in skill
rformance. This inappropriateness of applied measures might be
e reason for the inconsistent findings on skill acquisition in
mes (e.g., Barzilai & Blau, 2014; Brennan & Vos, 2013; Dede et al.,
05) as outlined by Wouters et al. (2009). Only few studies in the
ld of game research investigated the assessment of mental model
velopment as a mean of evaluating complex cognitive skill
quisition (e.g., Wouters et al., 2011; Van der Spek et al., 2011,
10). Van der Spek et al. (2010), for example, analyzed partici-
nts’mental models before and after learning with a game to train
edical triage using amethod called structural assessment (Kraiger
al., 1995). The results of this study demonstrated that learners’
ental models were more similar to an expert referent model after
meplay. Using the same method of mental model assessment,
outers et al. (2011) reported similar effects to those of Van der
ek et al. (2010). However, the effectiveness of serious games
garding mental model development as an indicator of complex
gnitive skills was not straightforward when learner characteris-
cs, such as learners’ levels of expertise, are taken into account.
outers et al. (2011) showed that playing a serious game only had a
sitive impact on the mental models of novice learners, while
vanced learners’ mental models became even less similar to the
ferent model after playing.
So far, however, to our knowledge no studies investigated fac-

rs within the gameplay process that might affect mental model
velopment in serious games. Thus, in the following sections, we
troduce two types of engagement as possible determinants for
ental model development within the process of serious game
aying.

2. The role of engagement in mental model development

Engagement is seen as a primary rationale for the application of
rious games in educational settings (e.g., Rieber,1996) andwidely
scussed with regard to its impact on learning achievement
rough serious gaming (e.g., Conati, 2002; Garris et al., 2002;
raesser, Chipman, Leeming, & Biedenbach, 2009). Overall,
gagement can be defined as a multifaceted construct composed
components that comprise “active, energetic, and approach-
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oriented involvement with academic tasks” (Pekrun &
Linnenbrink-Garcia, 2012, p. 260). While Fredricks et al. (2004)
differentiate between three types of engagement, namely,
emotional, cognitive, and behavioral engagement, Pekrun and
Linnenbrink-Garcia (2012) introduce motivational engagement
and cognitive-behavioral engagement as additional types. The
former refers to the processes that affect the initiation and main-
tenance of academic effort and the latter to cognitive processes
such as meta-strategies and self-regulation (Pekrun& Linnenbrink-
Garcia, 2012).

In the present study, we focus on (1) behavioral engagement,
and a specific aspect of cognitive-behavioral engagement, namely,
(2) self-monitoring behavior. Both factors are considered to be of
high relevance for mental model development (e.g., Eseryel, Law,
Ifenthaler, Ge, & Miller, 2013; Greene & Azevedo, 2009; Roscoe,
Segedy, Sulcer, Jeong, & Biswas, 2013).

1.2.1. Behavioral engagement
According to Fredricks et al. (2004), behavioral engagement

refers to the extent of students’ involvement in academic tasks.
Pekrun and Linnenbrink-Garcia (2012) point out that behavioral
engagement comprises “effort and persistence with an emphasis
on the amount or quantity of engagement rather than its quality”
(p. 266). The few studies that looked into the role of behavioral
engagement in serious gameplay reported positive effects on
learning achievement in general (e.g., Rowe, Shores, Mott, & Lester,
2011) and, more specifically, on mental model development (e.g.,
Eseryel et al., 2013).

However, the assessment of behavioral engagement in the
studies of Rowe et al. (2011) and Eseryel et al. (2013) incorporated
measures of individuals’ in-game performance (i.e., game scores
and number of tasks completed, respectively) that may have been
affected by individual differences in domain knowledge and skills.
Further, Eseryel et al. (2013) used the total gameplay time as an
additional indicator of behavioral engagement. While time spent
playing a game can be a valid indicator of engagement (Boyle,
Connolly, Hainey, & Boyle, 2012), it does not necessarily reflect
students’ behavioral engagement defined as effort and persistence
with regard to academic tasks (Fredricks et al., 2004). As noted by
Rowe, McQuiggan, Robison, and Lester (2009), the interactive na-
ture of games often provides learners with seductive details that
may be perceived as entertaining, but also may divert learners’
attention from the integrated content relevant for learning.
Consequently, instead of measuring the total time spent on playing
a game, researchers need to distinguish behaviors related to spe-
cific game contents, elements, and phases that are relevant to the
educational objective from those that are irrelevant in order to
draw well-grounded conclusions about the impact of behavioral
engagement in games on learning (Rowe et al., 2009).

1.2.2. Self-monitoring behavior
Self-monitoring behavior is a second type of engagement

considered for the present study and generally defined as the flow
of information about an individual’s own cognitions regarding
external objects (Nelson, 1996), encompassing processes of “iden-
tifying the task, checking and evaluating one’s progress, and pre-
dicting the outcome of that progress” (Schmidt & Ford, 2003, p.
407). Engaging in these processes is of particular relevance for self-
regulated learning, because self-monitoring helps learners to make
well-grounded decisions about the right strategies to use and to
formalize their knowledge (Schmidt & Ford, 2003). As such, self-
monitoring is a key element in the cognitive processes that
Pekrun and Linnenbrink-Garcia (2012) refer to as cognitive-
behavioral engagement.

Self-monitoring behavior is notably relevant in complex
31
multimedia learning environments such as games, as they provide
“little external structure or feedback on the most effective way to
learn while learners progress through” them (Orvis et al., 2009, p.
464). Studies in the field of multimedia learning have stressed the
importance of self-monitoring by demonstrating its positive rela-
tion with mental model development (e.g., Greene & Azevedo,
2009; Roscoe et al., 2013). The impact of self-monitoring on
learning has also been demonstrated in game studies (e.g., Kim,
Park, & Baek, 2009; Sabourin, Mott, & Lester, 2013a; Sabourin,
Shores, Mott, & Lester, 2013b). Although these studies focused on
declarative knowledge rather than mental model development, the
findings provide evidence that engaging in self-monitoring
behavior while playing a serious game is of high relevance. Thus,
in a first step, it needs to be ensured that games provide learners
with the opportunity to engage in self-monitoring behavior
(Malzahn, Buhmes, Ziebarth, & Hoppe, 2010), which has to be
evaluated in a second step.
2. The current study

In the current study, we address the mentioned issue of the
assessment of complex cognitive skill acquisition in serious games
by applying a measurement of participants’ mental model devel-
opment. Following the suggestions of Wouters et al. (2011) mental
model development is operationalized as an increase in Mental
Model Accuracy (MMA), i.e., the similarity of participants’ models
compared to an experts’ referent model. Since previous research
assessing the general effectiveness of serious games on mental
model development has produced inconsistent results (Wouters
et al., 2011; Van der Spek et al., 2010), we pose the following
research question:

Research Question 1. Will playing a serious game lead to a gen-
eral increase in participants’ MMA?

In addition to a mere evaluation of the games’ potential to
facilitate mental model development, we investigate the impacts of
behavioral engagement and self-monitoring behavior on mental
model development.

Two in-game measures of behavioral engagement are intro-
duced: one addressing behavioral engagement in game phases
with high relevance to the educational objective and one
addressing behavioral engagement in game phases that are pri-
marily for entertainment and of low relevance to the educational
objective. Because previous findings concerning behavioral
engagement in serious games were based on aggregate measures
that may have been confounded by individuals’ knowledge and
skills in the respective domain (e.g., Eseryel et al., 2013; Rowe et al.,
2011), we do not propose specific assumptions regarding our
behavioral engagement measures. Instead, we pose the following
research question:

Research Question 2. How are the different measures of behav-
ioral engagement, which pertain to phases with high or low rele-
vance to the educational objective, related to post-gaming MMA?

Additionally, based on the findings from multimedia learning
research reporting positive impacts of self-monitoring behavior on
mental model development (Azevedo, Cromley, & Seibert, 2004;
Greene & Azevedo, 2009; Roscoe et al., 2013), we introduce an
in-game measure of self-monitoring behavior to test the following
hypothesis:

Hypothesis 1. Engagement in self-monitoring behavior has a
positive effect on post-gaming MMA, beyond the effect of pre-



ga

w
Pr
co
pl
W
re
(1

3.

3.

43
in
ca
(S
ei

3.

to
or
us
a
pr
se
se

le
w
fe
sp
th
co
m
w
co

m
to
ho
de
re

ga
en
pe
st
ev
le
ot
w
pa
ad
m
sa
a
en
le
w
re
ea
qu
w

3.

3.

as
w
re
(e
20
an
20

in
th
do
th

Fi
m
co

V. Riemer, C. Schrader / Computers in Human Behavior 64 (2016) 264e273 267

Chapter 2 - Study 1
ming MMA.

In order to address our research questions and our hypothesis,
e use a serious game designed to enhance practical money skills.
actical money skills comprise a diverse set of interrelated
gnitive constituent skills such as controlling one’s own finances,
anning ahead, and decision-making (Fessler, Schürz, Wagner, &
eber, 2007). Thus, practical money skills as a whole can be
garded as a complex cognitive skill as defined by vanMerri€enboer
997).

Method

1. Participants

The samplewas comprised of 97 undergraduates (54 female and
male) from a German University who were recruited via e-mail

vitations, announcements made in classes, and notes posted on
mpus. The mean age of the participants was 23.20 years
D ¼ 3.59). For compensation, students could choose to receive
ther course credit or a payment of 15 euros.

2. Materials e the Cure Runners game

Cure Runners (Three Coins, 2013) is a platform game developed
enhance the practical money skills of young adults. Although
iginally developed for mobile devices, in the present study we
ed a game prototype that ran inweb browsers and was played on
desktop P.C. with keyboard and mouse controls. The game com-
ises three chapters, each divded into five sections. Within each
ction, two major game phases can be distinguished: (1) mission
quences and (2) decision and reflection sequences.
The mission sequences (Fig. 1) mainly serve to entertain the

arners. The main objective is to complete jump and run levels
ithin a certain time in a fictitious world that suffers from an in-
ctious disease. The task within is to collect a certain number of
ecific mission items to gain cure, which serves as the currency in
e game. Within each section, one main mission needs to be
mpleted to proceed to the next section. In addition to the main
issions, learners can choose to engage in optional side missions
hich can be played repeatedly and provide benefits upon
mpletion (i.e., cure or blueprints to craft equipment).
Decision and reflection sequences are the phases between the

ission sequences and comprise the game elements most relevant
the educational objective. In these sequences, learners decide
w to spend their cure and experience the consequences of their
cisions. There are different types of expenses to be considered:
gular expenses (i.e., accommodations and nourishment), costs for
g. 1. Screenshot of mission sequence with countdown (top left corner), collectable
ission item (bottom center), and number of collected mission items (top right
rner).

32
meplay aids (e.g., additional time to complete missions), costs for
gaging in side missions or assembling equipment, leisure ex-
nses (i.e., additional story elements and alternative equipment
yles), and unavoidable expenses arising from randomly occurring
ents (e.g., assaults or blackmail). For some types of expenses,
arners can choose to pay them by installment or on credit. For
her types, learners can choose not to pay them at all and deal
ith the consequences. For example, as a consequence of not
ying for nourishment, the character may get sick, which leads to
ditional expenses and precludes the learners to engage in side
issions. In addition to the expenses that need to be considered, a
vings target (e.g., having a certain amount of cure available to pay
smuggler and escape from a dangerous area) has to be met at the
d of a chapter. Within the decision and reflection sequences, the
arners can retrieve statistics and balance sheet screens (Fig. 2),
hich inform about the current amount of cure and a projection
garding the savings target (Fig. 2a) as well as about current
rnings and spending (Fig. 2b). Thus, the game meets the re-
irements stressed by Malzahn et al. (2010) to provide learners
ith the opportunity to engage in self-monitoring behavior.

3. Measures

3.1. Mental model development
To assess individuals’ mental model development, a structural
sessment method (e.g., Kraiger et al., 1995; Wouters et al., 2011)
as applied. Structural assessment has widely been used in
search addressing the acquisition of complex skills in general
.g., Acton et al., 1994; F. D.; Davis & Yi, 2004; M. A.; Davis et al.,
03; Day et al., 2001; Dorsey et al., 1999; Schuelke et al., 2009)
d, less frequently, in serious games research (e.g., Wouters et al.,
11; Van der Spek et al., 2011, 2010).
As illustrated by Wouters et al. (2011), the acquisition and

terpretation of mental models via structural assessment follows
ree steps: (1) the acquisition of relatedness ratings between
main concepts, (2) the representation of mental models, and (3)
e evaluation of mental models.

(1) In collaboration with experts in the field of financial educa-
tion, 15 relevant domain concepts of practical money skills
were identified (Table 1). Before and after playing, partici-
pants rated the relatedness between paired concepts on a
seven-point scale ranging from (1) hardly related to (7)
strongly related. Each concept was paired with each other
concept, resulting in 105 pairs to be rated for pre- and post-
gaming assessment, respectively. It is assumed, that these
relatedness ratings between pairs of concepts can capture
the organization of semantic knowledge that provide the
basis of mental models (Gonzalvo, Ca~nas, & Bajo, 1994;
Jonassen, 1995). Relatedness ratings were collected using
an adapted version of the jRateSimult software (Schuelke,
2012).

(2) The representation of mental models from relatedness rat-
ings was achieved using the Pathfinder algorithm
(Schvaneveldt, 1990). In Pathfinder, a proximity matrix
(based on the relatedness ratings) is represented in a
graphical structure, the PFnet. Domain concepts are repre-
sented as nodes and distances as links in the network
structure. Concepts that receive high relatedness ratings are
positioned closely to each other in the network structure (i.e.,
they have fewer links between them than concepts with low
relatedness ratings). PFnets were calculated using the
JPathfinder software (Schvaneveldt, 2014).

(3) The evaluation of mental model development was conducted
using comparisons with a referent model of practical money



Fig. 2. Screenshots of statistics and balance sheet screens: (a) statistics screenwith current amount of cure (above game character face) and projection toward savings target (on the
right); (b) balance sheet with spending (left to the graph) and earnings (right to the graph).

Table 1
Domain concepts of practical money skills with descriptions provided.

Domain concept Description

Regular expenses Examples: accommodation, groceries, etc.
Unexpected events Examples: emergencies, damage cases, etc.
Leisure expenses Examples: “lifestyle expenses,” fashion, entertainment, etc.
Overindebtedness Regular expenses exceed regular earnings
Inability to pay Unpaid bills can no longer be settled
Meeting savings target To have as much money available as planned at a certain point in time, e.g., at the end of the month
Installment Paying in partial amounts over time
Purchasing on credit Buying things now and paying for them later, e.g., at the end of the month, either by credit card or by taking out a loan
Setting savings target Planning to have a certain amount of money available at a certain time in the future
Immediate saving Putting an amount of money aside “mentally” at the start of a period, e.g., at the beginning of the month
Immediate payment Paying bills immediately, either by paying cash or by bank transfer
Overdrawing account Having a deficit on the account
Rainy day fund Having a financial safety net in case of emergencies
Keeping track of account balance Regularly checking the account balance; being aware of one’s financial state at all times
Registering earnings & spending Regularly writing down earnings and spending over a certain period, e.g., over a day
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skills (Fig. 3). The referent mental model was obtained by
letting three domain experts make the relatedness ratings in
the same way as the participants and calculate a PFnet based
on the median scores of their ratings. Besides visual assess-
ment of the PFnets and the identification of central concepts
(i.e., concepts with most links to other concepts), the accu-
racy of participants’ mental models was assessed by calcu-
lating the degree of similarity to the referent model with
JPathfinder (Schvaneveldt, 2014). The resulting MMA scores
could obtain values of 0� x� 1, with higher values indicating
greater similarity to the referent model. Acton et al. (1994)
showed that this form of evaluation provided a valid mea-
surement for learning gains, even when the consensus be-
tween experts (i.e., averaged similarity score between
individual experts’ models) was as low as 0.31. In the field of
complex cognitive skill acquisition, authors reported values
for expert consensus such as 0.26 for software skills (F. Davis
& Yi, 2004), 0.49 for computer gaming skills (Schuelke et al.,
2009), and 0.41 for skills to conduct an emergency procedure
(Wouters et al., 2011). In the present study, the mean simi-
larity between the three experts’ models was 0.43. It repre-
sents a typical value for this area of research.
Fig. 3. Referent mental model of practical money skills based on median ratings of
three domain experts. ST¼ savings target; E&S ¼ earnings and spending; AB ¼ account
balance.
3.3.2. Behavioral engagement
Behavioral Engagement in High Relevance phases (BEHR) was

operationalized as total time spent in the decision and reflection
sequences of Cure Runners. Behavioral Engagement in Low Rele-
vance phases (BELR) was operationalized as number of side mis-
sions played. Both behavioral engagement measures can be seen to
grasp the amounts of effort and persistence invested by the
33
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rticipants on their own behalf without incorporatingmeasures of
me performance (see section 3.2). Since the game did not pro-
ce log files with the respective information, for measurement,
reencasts were recorded for all but one (because of a software
alfunction) individual gaming sessions. Subsequently, videos
ere analyzed with an automatic labeling software developed us-
gMATLAB (TheMathWorks, 2014). The software used a template-
atching algorithm to identify characteristic events based on vi-
al features. Characteristic events served as onsets and offsets of
quences with the number of frames between associated onsets
d offsets representing the sequence duration. For BEHR, the du-
tions of all decision and reflection sequences played by a partic-
ant were summed and transformed into seconds. For BELR, the
mber of side missions played was counted based on the occur-
nce of the respective events (i.e., end of side mission sequence)
at were identified by the template-matching algorithm.

3.3. Self-monitoring behavior
Self-monitoring behavior was operationalized as time spent on
e statistics and balance sheet screens in relation to the total time
ent in the decision and reflection sequences. Thus, self-
onitoring behavior can be perceived as a specific portion of
HR in relation to total BEHR. Using the same labeling software as
r behavioral engagement, for each participant, the total number
frames of statistics and balance sheet screens was divided by the
tal number of frames of decision and reflection sequences. Since
was neither possible to completely avoid the balance sheet
reens nor to spend the complete decision and reflection se-
ences in the statistics and balance sheet screens, the resulting
tios could take values of 0 < x < 1, with higher values indicating a
eater degree of self-monitoring behavior.

4. Procedure

The study was conducted in a computer lab on campus. After
rticipants signed an informed consent form, a short presentation
out the procedure was given. Participants were given a manual
ntaining additional information, including gameplay information
out Cure Runners. Subsequently, an online questionnaire asking
r demographic information, as well as additional variables that
ere not the subject of the present study, was administered. After
e questionnaire, the pre-gaming measures of MMA were ob-
ined with jRateSimult (Schuelke, 2012). To ensure a common
derstanding of the given domain concepts, additional de-
riptions were provided on a separate sheet (see Table 1). Partic-
ants then played Cure Runners until they reached the end of the
st chapter. Subjects were told that they could play the game in
eir own way and at their own pace. After the gaming sessions,
st-gaming measures of MMA were obtained analogous to the
e-gaming measures. The mean duration of the experiment was
.92 min (SD ¼ 15.65) of which participants spent an average of
.18 min (SD ¼ 11.02) playing the game. Upon completion, par-
cipants were debriefed and received their compensation of
oice.

Results

1. Mental model development

In order to answer our first research question addressing
hether playing the game leads to a general increase in MMA, we
st calculated the PFnets of participants’ pre- and post-gaming
ental models based on the median relatedness ratings of
main concepts of practical money skills (Fig. 4). The visual in-
ection revealed that the pre-gaming model (Fig. 4a) comprised
34
o separated clusters, whereas in the post-gaming model (Fig. 4b)
rtain concepts appeared to be more integrated with other con-
pts. Specifically, in the pre-gaming model, the concepts “unex-
cted events” and “rainy day fund” had less links to other concepts
mpared to the post-gaming model (Fig. 4b) and the referent
odel (Fig. 3). In this regard, participants’ models became more
milar to the referent model. Concerning the central concepts,
egistering earnings and spending” and “keeping track of account
lance” emerged as the concepts with the most links to other
ncepts in the pre-gaming as well as in the post-gaming model.
th models diverge from the referent model in this aspect, where
mmediate saving”, together with “registering earnings and
ending”, has the most number of links to other concepts.
lthough the averaged participants’ post-gaming model showed
me specific changes compared to the pre-gaming model, visual
sessment did not indicate changes in the overall MMA.
To assess MMA quantitatively, the mean values for pre- and
st-gaming MMAwere calculated (Table 2). On a general note, the
agnitudes of participants’ averaged MMA scores can be classified
moderate, although they were considerably lower than the

milarity between domain experts (0.43). Comparing the means of
e- and post-gaming MMA, the impression from the visual in-
ection, that MMA did not change in general, seems to be
nfirmed. To support this notion statistically and to control for
ssible gender effects, a repeated measures ANCOVA was con-
cted including gender as a covariate. No significant main effect
r the time of the MMA measure was found (F(1, 95) ¼ 2.27,
¼ 0.135, hp

2 ¼ 0.02). Additionally, there was no significant inter-
tion between the time of the MMA measure and gender (F(1,
) ¼ 1.84, p ¼ 0.179, hp

2 ¼ 0.02).

2. Impacts of behavioral engagement and self-monitoring
havior on mental model development

The mean values for the measures of behavioral engagement
d self-monitoring behavior during gameplay are given in Table 2.
e mean value of BEHR indicates that, on average, participants
ent 11 min and 42 s in decision and reflection sequences, which
presents 24% of the total mean gaming time. Additionally, as
dicated by the mean BELR value, participants engaged in an
erage of 5.51 side missions. Finally, within decision and reflection
quences, participants spent about 5% of the time engaging in self-
onitoring behavior (i.e., viewing statistics and balance sheet
reens).
To answer our second research question and our hypothesis
ncerning the relation between post-gaming MMA, behavioral
gagement and self-monitoring behavior, we first calculated the
ter-correlations between all variables (Table 2). The results reveal
at all behavioral measures are significantly and positively inter-
lated, with the highest correlation emerging between the two
havioral engagement measures. Regarding post-gaming MMA,
ly pre-gaming MMA and self-monitoring behavior showed sig-
ficant positive correlations, while BEHR and BELR appear both to
unrelated to post-gaming MMA.
To investigate whether self-monitoring behavior had an effect
post-gaming MMA beyond the effect of initial MMA, a hierar-
ical multiple regression analysis was performed. The Variance
flation Factors (VIF) for all predictors ranged from 1.03 to 1.18 and
e correlation coefficients between the predictors were of mod-
ate size (see Table 2), thus, multicollinearity was not considered
be an issue (see Field, 2013). In the first step, pre-gaming MMA
as the only predictor, accounting for a significant proportion of
riance in post-gaming MMA (R2 ¼ 0.18, F(1, 95) ¼ 20.29,
< 0.001). Self-monitoring behavior was entered in the second
ep, yielding a significant improvement of the model (R2 ¼ 0.21,



Fig. 4. Averaged mental models over all participants based on median ratings: (a) pre-gaming model; (b) post-gaming model. ST ¼ savings target; E&S ¼ earnings and spending;
AB ¼ account balance.

Table 2
Means, standard deviations (in parentheses), and Pearson correlation coefficients for
MMA and engagement measures.

Variable M (SD) 1 2 3 4

1. MMA pre-gaming 0.31 (0.08) e

2. MMA post-gaming 0.31 (0.09) 0.42*** e

3. BEHR 702.04 (190.83) �0.11 0.11 e

4. BELR 5.51 (4.26) �0.06 0.02 0.50*** e

5. Self-monitoring behavior 0.05 (0.03) 0.15 0.26* 0.33** 0.23*

Note. N ¼ 97. MMA ¼ mental model accuracy; BEHR ¼ behavioral engagement in
game phases with high relevance to the educational objective; BELR ¼ behavioral
engagement in game phases with low relevance to the educational objective.
*p < 0.05.
**p < 0.01.
***p < 0.001.

Table 3
Hierarchical multiple regression predicting post-gaming MMA from pre-gaming
MMA and self-monitoring behavior.

B SE B b

Step 1
MMA pre-gaming 0.46 0.10 0.42***

Step 2
MMA pre-gaming 0.43 0.10 0.39***

Self-monitoring behavior 0.52 0.25 0.20*

Note. MMA ¼ mental model accuracy.
*p < 0.05.
***p < 0.001.
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F(1, 94) ¼ 4.44, p ¼ 0.038). The inclusion of the two behavioral
engagement measures, BEHR and BELR, did not contribute signifi-
cantly to the model (R2 ¼ 0.23, F(2, 92)¼ 0.73, p¼ 0.484), thus they
were omitted in the final regression model (Table 3). As indicated
by the regression coefficients in Table 3, self-monitoring behavior
had a significant positive impact on post-gaming MMA, even
beyond the effect of initial MMA. The more the participants
engaged in self-monitoring behavior (i.e., the more time they spent
on the statistics and balance sheet screens), the more accurate their
mental models became (i.e., the more similar their mental models
were to the referent model after the gaming session).
5. Discussion

Serious games are deemed as useful tools to establish accurate
mental models that facilitate the acquisition of complex cognitive
skills (Garris et al., 2002; Wouters et al., 2009). However, only
marginal research has looked into mental model development via
serious games, which is the reason why little is known about
whether and how serious games can foster this development. The
current study attended to this gap by applying a structural
assessment (Kraiger et al., 1995) to measure mental model devel-
opment through playing a serious game on practical money skills.
Furthermore, we looked into the role of different aspects of
behavioral engagement and cognitive-behavioral engagement (i.e.,
self-monitoring behavior) on mental model development.

In addressing our first research question, regarding the
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fectiveness of the game on mental model development, our
dings indicate that playing the game did not lead to a general
crease inMMA. The visual assessment of averagedmental models
vealed that after playing the game, the problem representation
.g., comprising concepts such as “unexpected events” and
nability to pay”) was more strongly intertwined with the repre-
ntation of solutions (e.g., comprising concepts such as “regis-
ring earnings & spending” and “immediate saving”) than before
aying. This is a qualitative characteristic of mental models that
come more expert-like (Glaser, 1989; Kraiger et al., 1993).
though promising, these changes seem to be too marginal to be
flected in theMMA scores. This result, however, should be treated
ith caution, as there are some limitations to the present study.
rstly, the game may have not addressed all concepts included in
r mental model of practical money skills to the same extent. For
ample, the concepts “unexpected events” and “rainy day fund”
ere more integrated in the participants’ post-gaming model
mpared to the pre-gaming model, whereas the concept “imme-
ate saving”were similarly peripheral in the pre- and post-gaming
odels. Secondly, participants only played one chapter of the game
isolation, whereas the developers of Cure Runners advocate the
e of the game within workshop or classroom settings accompa-
ed by debriefing sessions (Three Coins, 2015). These limitations
ight account for the null-findings regarding general mental
odel development.
In addressing our second research question, we found no rela-
n between behavioral engagement and mental model develop-
ent. By differentiating behavioral engagement between game
ases with high and low relevance to the educational objective,
e draw two conclusions from this result. Firstly, behavioral
gagement, i.e., effort and persistence (Pekrun & Linnenbrink-
arcia, 2012), in game phases with high relevance for learning
d not foster mental model development. This result seems to
ntradict the findings of Rowe et al. (2011) and Eseryel et al.
013), who report a positive effect of behavioral engagement on
arning achievement. However, for both studies, issues regarding
e measures of behavioral engagement have been addressed (see
ction 1.2.1). In our study, we aimed to resolve these issues by
ing a behavioral engagement assessment that did not incorporate
easures of gaming performance and that went beyond the mea-
rement of total playing time. Secondly, behavioral engagement in
me phases with low relevance for learning did not have a
trimental effect onmental model development. Thus, claims that
ases or elements made primarily for entertainment pose a threat
learning by providing seductive details (e.g., Rowe et al., 2009)
e not supported by our results.
Finally, our hypothesis concerning the impact of self-monitoring
havior onmental model development was fully supported by our
sults. We showed that the amount of time spent on the statistics
d balance sheet screens in relation to the total time spent in
cision and reflection sequences had a direct and positive effect on
st-gaming MMA, even beyond the effect of the initial MMA. This
in line with previous findings providing evidence for the positive
fect of self-monitoring behavior onmental model development in
her learning contexts (e.g., Azevedo et al., 2004; Greene &
evedo, 2009). However, within the educationally relevant game
ases (i.e., decision and reflection sequences), participants spent
ly an average of five percent of their gameplay time on self-
onitoring. Thus, an explanation for the absence of an overall in-
ease in MMA through playing the game might be that the op-
rtunity alone to engage in self-monitoring behavior was
sufficient for a general effect to appear.
In addressing limitations of our in-game measures of engage-

ent types, it can be argued that the measures did not address
rticipants’ subjective experience directly. While we were
36
utious to distinguish between game phases with high and low
levance to the educational objective (BEHR and BELR, respec-
ely), time spent in decision and reflection sequences may not
ve exclusively reflected BEHR. For example, some participants
ay have used these phases to make pauses, especially when they
perienced the mission sequences as straining. Furthermore,
rticipants with high gaming proficiency might have been more
ely to engage in side missions than participants with low gaming
oficiency, thus biasing our measure of BELR. Similarly, while self-
onitoring comprises different activities such as identification of
e task and task demands, as well as checking, evaluating, and
edicting task progress and outcome (Schmidt & Ford, 2003),
ese activities could not be differentiated with our in-game
easure. Additionally, by using the time spent in statistics and
lance sheet screens in relation to the time spent in decision and
flection sequences, our measure of self-monitoring behavior
uld have been biased by individual differences in playing style.
r example, two participants who spent the same amount of net
e in statistics and balance sheet screens could have varied in

eir amount of self-monitoring behavior because they differed in
e speed of progression through the rest of the game. It should also
noted that the total time spent on statistics and balance sheet

reens was included in the measure of BEHR (i.e., time in decision
d reflection sequences) as well as in the measure of self-
onitoring behavior (i.e., ratio of time on statistics and balance
eet screens to time in decision and reflection sequences). Sub-
quently, our measures of self-monitoring behavior and BEHR
ere not independent. However, the two measures were only
oderately correlated (see Table 2), thus not posing a threat to the
alysis in terms of collinearity.
Regarding the assessment of mental models, the consensus
tween the three experts, whose ratings provided the basis for our
easure of MMA, was only of moderate size (i.e., 0.43). However,
is consensus can be considered as sufficient and common in the
ld of complex cognitive skill acquisition (see section 3.3.1).
Finally, in the present study we focused on two specific aspects
engagement (i.e., behavioral and cognitive-behavioral engage-
ent). However, other types of engagement, such as cognitive and
otivational engagement (Pekrun& Linnenbrink-Garcia, 2012) will
ed to be considered in the future to fully investigate the role of
gagement in learning through serious games.

Conclusions

Despite the limitations mentioned in section 5, we believe that
r study contributes to the understanding of how learners can
velop accurate mental models through playing serious games for
mplex cognitive skill acquisition. Our results indicate that only
lf-monitoring affects mental model development in serious
mes, whereas behavioral engagement has no effect. Thus, we
nclude that the quantitative focus of behavioral engagement, i.e.,
e amount of effort and persistence dedicated to a task (Pekrun &
nnenbrink-Garcia, 2012), is only of minor relevance for complex
gnitive skill acquisition in games. In the future, more attention
eds to be paid on specific cognitive processes executed during
meplay and on the factors that support or hinder individuals to
gage in these processes.
Moreover, our results, which are based on in-game measures,

ay have practical implications for game designers pursuing the
velopment of adaptive games, which rely in large part on infor-
ation from in-game behavior. Specifically, we showed that
oviding learners with phases allowing them to engage in self-
onitoring behavior could be an effective game element to foster
e development of accurate mental models. However, in our study,
rticipants only engaged in self-monitoring behavior to a small
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degree, which raises the question about what makes learners adopt
this behavior. The positive relation between self-monitoring
behavior and behavioral engagement found in our study suggests
that they may be influenced by common underlying factors like
individual gaming style (e.g., exploring every aspect of the game vs.
progressing quickly through the game). Another factor influencing
engagement is emotion. Bouvier, Lavou�e, and Sehaba (2014) state
that engagement is closely interconnected with the experience of
emotions, being a major motivation to engage in playing a game.
Moreover, research in the field of self-regulated learning suggests
that the experience of emotions during a learning activity directly
affects, among other factors, the monitoring of learners’ progress
(e.g., Mega, Ronconi, & De Beni, 2014; Pekrun & Linnenbrink-
Garcia, 2012; Pekrun, Frenzel, G€otz, & Perry, 2007). Thus, future
studies investigating factors within the gameplay process that
affect mental model development in serious games should attend
to the experience of emotions and their relationship to specific in-
game behaviors, such as self-monitoring.
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Chapter 3 

Study 2: Mental Model Development in Multimedia Learning: Interrelated Effects of 

Emotions and Self-Monitoring 

The results of the first study (presented in Chapter 2) indicate that the effectiveness of serious 

games for complex cognitive skill acquisition, in terms of mental model development, is not 

self-evident. Rather, individual learner engagement was shown to determine whether learners 

improve the accuracy of their mental models. In particular, cognitive-behavioural engagement 

in terms of self-monitoring during gameplay proved to be crucial. In contrast, behavioural 

engagement (encompassing merely the amount of effort invested in gameplay) was not found 

to predict changes in mental model accuracy. Building on this result, in the second study 

learning-centred emotions are taken into account as an additional learner-state characteristic. In 

particular, the study presented in this chapter aimed to reveal the joint effects of self-monitoring 

and learning-centred emotions (i.e., enjoyment, boredom and frustration) on complex cognitive 

skill acquisition in terms of mental model development. This study, therefore, addresses the 

shortcoming of investigating learner-state characteristics in isolation from one another, as has 

been done in previous research (see Chapter 1).   

The major accomplishment of this study is consideration of the interrelations between two 

learner-state characteristics as they unfold during learning. To date, relations between self-

monitoring and emotions have only been investigated using single-time, retrospective measures 

(e.g., Mega et al., 2014; Pekrun et al., 2017). However, the temporal dynamics between these 

learner-state characteristics during an enclosed learning activity (see Chapter 1) have not yet 

been considered. To address this gap in research, a panel approach was applied in this study by 

collecting repeated self-reports of emotions during learning. In addition, self-monitoring was 
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assessed using the same learning analytics approach as in the first study (see Chapter 2). 

Likewise, the same MMA measures were used as introduced in Chapter 2.  

The major contributions of this study in relation to this thesis are illustrated in Figure 3. 

 

 

Figure 3. Overview of themes addressed in the study by Riemer and Schrader (2019) in relation to this thesis 

The study was published in Frontiers in Psychology under terms of Creative Commons 

Attribution License CC-BY 4.0 (https://creativecommons.org/licenses/by/4.0/) with the 

following citation: 

Riemer, V., & Schrader, C. (2019). Mental model development in multimedia learning: 

Interrelated effects of emotions and self-monitoring. Frontiers in Psychology, 10. 

https://doi.org/10.3389/fpsyg.2019.00899 
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Mental Model Development in
Multimedia Learning: Interrelated
Effects of Emotions and
Self-Monitoring
Valentin Riemer* and Claudia Schrader
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Learners’ emotions and metacognitive self-monitoring play a crucial role in mental
model development, particularly in the context of multimedia learning. However,
learning-centered emotions and self-monitoring have been investigated largely without
accounting for their dynamic interrelations. In this study, the effects of both
learner-state variables on mental model development were investigated, by modeling
their interrelations over time during a multimedia learning episode. For this, 108
undergraduate students (Mage = 22.79, SDage = 3.42) were engaged in a multimedia
learning environment to learn practical money skills. Learning-centered emotions of
enjoyment, boredom, and frustration were repeatedly collected using self-reports.
Learners’ self-monitoring was assessed using behavioral data in terms of time spent
on accessing specific information in the multimedia environment. Mental model
development was operationalized by assessing learners’ mental model accuracy (MMA)
in pre- and post-tests, by using assessments of structural knowledge. Regarding the
dynamic interrelations, panel models with the repeated measures revealed positive direct
and indirect paths from earlier stages of self-monitoring to later stages of enjoyment.
Conversely, negative direct and indirect paths emerged from earlier stages of boredom
and frustration to later stages of self-monitoring. Regarding the effects of all variables
on mental model development, a path model analysis with aggregated values revealed
that enjoyment was unrelated to post-test MMA, whereas boredom negatively predicted
post-test MMA. Additionally, frustration negatively predicted self-monitoring, which
positively predicted post-test MMA. Finally, pre-test MMA was a negative predictor
of boredom and positively predicted post-test MMA. The results demonstrate that the
dynamic interrelations between different learning-centered emotions and self-monitoring
can diverge in multimedia learning. In addition, this study provides insights into the joint
effects and the relative importance of emotions and self-monitoring for mental model
development in multimedia learning.
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INTRODUCTION

Multimedia learning environments, defined as learning
environments that provide content in verbal and non-verbal
form (Mayer, 2005), enjoy lasting popularity. In particular,
the advancement and accessibility of computer technology
have put forth an increasing number of multimedia learning
environments that respond to learners’ actions (Moreno and
Mayer, 2007). Among the examples of such multimedia learning
environments are serious games. Serious games are generally
defined as computer games developed for purposes other than
mere entertainment (Michael and Chen, 2006; Ritterfeld et al.,
2009). They allow learners to actively engage with the learning
content through animated elements that are under the learners’
control (Rieber, 2005). Additional examples of multimedia
learning environments that learners can interact with are
agent-based environments (e.g., Greene and Azevedo, 2009) or
simulations (e.g., Darabi et al., 2009).

One of the major benefits of multimedia learning
environments is seen in the promotion of meaningful learning,
culminating in the acquisition of accurate mental models (Mayer,
2005; Moreno and Mayer, 2007; Sitzmann, 2011). Mental models
can be defined as mental representations of how a knowledge
domain is organized (van Merriënboer and Kirschner, 2017).
They consist of knowledge contents, such as facts, concepts, plans
or principles, as well as the structural relations between these
contents (Kraiger et al., 1993; Jonassen, 1995; van Merriënboer,
1997). In the early stages of learning, learners’ mental models are
usually inaccurate and based on intuition (Norman, 1983; van
Merriënboer and Kirschner, 2017). To increase mental model
accuracy (MMA), novel information must be integrated into
existing models by establishing new structural relations and
by dismissing previous misconceptions (Johnson-Laird, 1983;
Norman, 1983; Seel, 2003).

The main function of mental models is seen as allowing
learners to run internal simulations of processes in complex
systems or tasks (e.g., technical or economic systems or
mathematical tasks). Provided that these simulations are based
on sufficiently accurate mental models, learners can correctly
predict, evaluate and interpret the possible consequences
of their actions (Johnson-Laird, 1983; Seel, 2003). Thereby,
mental models facilitate the detection of problems that occur
in complex tasks as well as the identification of pertinent
solution strategies (Glaser, 1989; van Merriënboer et al., 1992;
van Merriënboer and Kirschner, 2017).

Multimedia learning environments are assumed to facilitate
mental model development by allowing learners to interact with
complex systems (Wouters et al., 2009; Sitzmann, 2011; Koops
and Hoevenaar, 2013). More specifically, such environments can
foster learners’ active engagement with the learning material.
The increased active engagement is argued to support learners’
cognitive processes necessary to integrate novel information into
existing knowledge (Moreno and Mayer, 2007). Furthermore,
multimedia learning environments can provide contextualized
feedback on learners’ actions. Thereby, they can trigger
cognitive conflicts, which foster the correction of misconceptions
in existing mental models (Koops and Hoevenaar, 2013).

For example, in a recent study by Kao et al. (2017), learners
played a serious game to acquire principles of basic machinery
physics. In this game, learners had to move a ball over a canyon
by drawing and manipulating virtual objects, such as a catapult.
The learners received feedback on their actions, which was
contextualized in the game environment. For instance, a learner
may have drawn a catapult with too short a lever, resulting in
the ball falling into the canyon. Thus, a cognitive conflict may
have been triggered concerning the observed consequence that
contradicts the learner’s existing mental model.

The facilitation of mental model development through
multimedia learning environments can be partially observed in
empirical work, such as the above-mentioned study by Kao et al.
(2017). In fact, the authors reported that learners showed a
significant increase in MMA, operationalized as the similarity
between learners’ and experts’ concept maps, from pre- to
post-testing. In another study by Eseryel et al. (2013), learners
played a serious game to develop scientific problem-solving skills.
The authors found a significant increase in learners’ MMA,
assessed in pre- and post-tests by calculating the similarities
between learners’ and experts’ annotated causal representations.
In contrast to these results, other studies have found only partial
changes in mental models resulting from multimedia learning
(e.g., Darabi et al., 2009; van der Spek et al., 2011; Riemer and
Schrader, 2016a). For example, in Riemer and Schrader (2016a)
reported focal changes in learners’ mental models after playing a
serious game about financial education. However, no significant
increase in overall MMA (i.e., similarity between learners’ and
experts’ knowledge structures) was found. In another study,
Darabi et al. (2009) let learners interact with a simulation for
chemical engineering training. The authors found that learners’
MMA (i.e., similarity between learners’ and experts’ IF-THEN
statements) only increased after an introductory stage. However,
no further increase in MMA emerged after subsequent stages,
in which the learners actually interacted with the simulation
(Darabi et al., 2009). Finally, van der Spek et al. (2011)
had learners playing a serious game related to medical triage
training. The authors reported an increase in MMA (i.e., a
similarity between learners’ and experts’ knowledge structures)
from pre- to post-testing only for novice learners. In contrast,
advanced learners showed no significant changes in MMA
(van der Spek et al., 2011).

In light of the inconclusive findings reported above,
some authors have stressed the need to take into account
additional learner-related factors, which are involved in
multimedia learning (e.g., Darabi et al., 2009; Eseryel
et al., 2013; Riemer and Schrader, 2016a). In particular,
within the framework of the Cognitive-Affective Theory of
Learning with Media (CATLM) (Moreno, 2005; Moreno
and Mayer, 2007), Moreno posits that the effectiveness
of multimedia learning environments depends, to a large
part, on affective and metacognitive factors. In particular,
learner-state variables, such as learning-centered emotions
(e.g., Linnenbrink and Pintrich, 2004) and metacognitive
self-monitoring (e.g., Greene and Azevedo, 2009), play
an important role in mental model development as well.
Finally, emotions and self-monitoring are also expected to be
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interrelated (Efklides, 2011; Pekrun and Linnenbrink-Garcia,
2012). Nevertheless, research in the context of multimedia
learning has largely focused on separately investigating either
emotions or self-monitoring (e.g., Moos and Azevedo, 2008;
Greene and Azevedo, 2009; Baker et al., 2010; Sabourin et al.,
2012; Shute et al., 2015; Riemer and Schrader, 2016a). Thus,
little is known about how learning-centered emotions and
self-monitoring jointly predict the development of accurate
mental models. Likewise, there is a lack of understanding
about the underlying dynamic relations between these
two learner-state variables as they unfold over time during
multimedia learning.

This study attends to this research gap by modeling how
learning-centered emotions together with self-monitoring affect
mental model development in multimedia learning. Accordingly,
in the next sections, the separate roles of both learner-state
variables are discussed, followed by describing their relations with
each other. In particular, understanding the temporal dynamics
between them constitutes a precondition to investigate the effects
of both learner-state variables in combination.

The Role of Learning-Centered Emotions
in Mental Model Development
Emotions are largely defined as short, affective episodes that
occur in response to a specific stimulus object or event
(Rosenberg, 1998). They can be described in terms of several
dimensions, such as valence (positive vs. negative) and arousal
(activating vs. deactivating) (Russell and Barrett, 1999; Russell,
2003; Pekrun and Linnenbrink-Garcia, 2012). In the context of
learning, Pekrun further differentiated specific learning-centered
emotions in his Control-Value Theory of Achievement Emotions
(Pekrun, 2000, 2006). According to Pekrun (2006), achievement
emotions are directly tied to an achievement-related outcome or
to an achievement-related activity. The emotions investigated in
this study pertain to an achievement activity (i.e., a multimedia
learning episode). Thus, the focus is on enjoyment, boredom
and frustration, which are the most commonly investigated
activity emotions (e.g., Pekrun, 2006; Pekrun et al., 2017; Putwain
et al., 2017). Moreover, these emotions belong to the category of
emotions that are known to be widely experienced in multimedia
learning environments, such as serious games (e.g., Poels et al.,
2007; D’Mello, 2013; Harley et al., 2013). Enjoyment, for example,
is usually experienced when a challenge matches the learners’
skills and when predefined goals are being met (van Lankveld
et al., 2010; D’Mello and Graesser, 2011). Conversely, boredom
often arises when the learning material has low perceived value,
when learners have little control over the learning task, or when
the challenge is too low compared to the learners’ skills (van
Lankveld et al., 2010; D’Mello, 2013). Finally, frustration can
be triggered when learners become stuck or repeatedly fail to
accomplish a goal because their skill or knowledge is too low
compared to the challenge (Gilleade et al., 2005; Kapoor et al.,
2007; van Lankveld et al., 2010). In addition, learners’ emotions
during multimedia learning may be affected by their initial
MMA prior to learning, by modulating the amount of perceived
control over the learning episode (see Pekrun, 2006). Empirically,

support for this notion comes from the contexts of classroom
learning (e.g., Pekrun et al., 2014; Putwain et al., 2017) as well
as multimedia learning (e.g., Shute et al., 2015).

With regard to the role of learning-centered emotions in
mental model development, it is argued that positive emotions
activate general mental models (Bless, 2000) and increase
attentiveness to the task at hand (Pekrun et al., 2002, 2004).
Thereby, positive emotions should facilitate the integration
of novel information into existing models, which leads to
increased MMA (Bless, 2000). However, this view is only partially
supported by empirical results in the context of classroom
learning. For example, Broughton et al. (2012) reported the
beneficial effects of general positive emotions on acquiring
knowledge on elementary conceptual astronomy after a reading
task. In contrast, Linnenbrink and Pintrich (2004) reported
no relation between general positive emotions and conceptual
change after reading texts on topics from advanced physics.
In the context of multimedia learning, even negative relations
between positive emotions and mental model development have
been reported, such as by Jackson and Graesser (2007). In their
study, learners interacted with an intelligent tutoring system on
conceptual physics. The authors found that the more learners
enjoyed the learning episode, the worse their understanding of
conceptual physics was in a post-test (Jackson and Graesser,
2007). Negative emotions, on the other hand, can cause a lack
of attention and low intrinsic motivation as well as leading
learners to focus more on situational details and engage in
superficial information processing (e.g., Baker et al., 2010;
Pekrun et al., 2010, 2011; Sabourin et al., 2012). Thus, negative
emotions are generally assumed to prevent the activation of a
holistic mental model and the integration of new information
(Bless, 2000). However, discrete negative emotions may have
diverging effects on mental model development. For example,
some researchers (Kort et al., 2001; Pekrun et al., 2007, 2017;
D’Mello and Graesser, 2014) argue that mild levels of frustration
can lead to increased mental effort, elaboration and critical
thinking. Thereby frustration may facilitate problem-solving, and
increase MMA. Empirically, in the study by Broughton et al.
(2012), a negative relation between general negative emotions
and conceptual knowledge was found. Likewise, Linnenbrink
and Pintrich (2004) found support for the detrimental effects of
negative emotions, which were negatively related to conceptual
change. Regarding the possible beneficial effects of negative
emotions, partial support comes from Shute et al. (2015). The
authors found that the frustration experienced by learners during
a serious game about conceptual physics was positively related
to task performance in the game. However, frustration was
unrelated to an understanding of physics as assessed in a post-test
(Shute et al., 2015).

The inconsistencies in the above-mentioned findings indicate
that the role played by emotions in mental model development
is far from understood. In particular, the role of negative
emotions, such as frustration, appears to be ambivalent, given
the seemingly contradicting results (cf. Linnenbrink and Pintrich,
2004; Broughton et al., 2012; Shute et al., 2015). This lack
of understanding may originate from the complex interactions
between learning-centered emotions and other learner-related
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traits or states (see Pekrun, 2006). Thus, considering additional
learner-related variables, such as self-monitoring, as well as initial
MMA as a controlling factor, can help to unravel the complex
mechanisms constituting the role of learning-centered emotions.

The Role of Self-Monitoring in Mental
Model Development
Self-monitoring is generally defined as a metacognitive process
that targets the flow of information about a learner’s own
cognitions (Nelson, 1996). It encompasses processes of
“identifying the task, checking and evaluating one’s progress,
and predicting the outcome of that progress” (Schmidt and Ford,
2003, p. 407). According to the Metacognitive Affective Model
of Self-regulated Learning (Efklides, 2011), self-monitoring
takes a central role in online task processing, as it informs
the activation of metacognitive control. More specifically,
information coming from self-monitoring takes the form
of subjective experiences, such as cognitive interruptions
or conflicts. Subsequently, these experiences trigger control
processes, such as the allocation of time and effort (Efklides et al.,
1999; Efklides, 2011).

While self-monitoring is a key component for learning in
general (Winne and Hadwin, 1998; Efklides, 2011), its function
of enabling learners to identify and handle cognitive conflicts is
of increased relevance for mental model development (Greene
and Azevedo, 2009; Roscoe et al., 2013). Cognitive conflicts
arise to a heightened degree when learners encounter novel
phenomena in complex systems or tasks (Merenluoto and
Lehtinen, 2004). Only when these conflicts are detected through
self-monitoring can misconceptions be identified and novel
information integrated coherently into learners’ existing mental
models (van Merriënboer and Kirschner, 2017).

The importance of self-monitoring for mental model
development becomes even more pronounced in the context
of multimedia learning. Despite providing learners with
feedback on their actions, multimedia learning environments
can differ widely in the extent of guidance about how to
process the provided information (Moreno and Mayer, 2007;
Orvis et al., 2009). Although learners in such environments
may also benefit from other metacognitive strategies, such as
planning or evaluating the task outcome (Orvis et al., 2009),
self-monitoring is of increased importance. This has been
demonstrated empirically in studies investigating the influence
of self-monitoring relative to other metacognitive strategies (e.g.,
Greene and Azevedo, 2009; Roscoe et al., 2013). For example,
Greene and Azevedo (2009) investigated different aspects
of self-regulated learning, such as planning, self-monitoring
and strategy use during multimedia learning. Self-regulation
aspects were operationalized as learners’ behaviors (e.g.,
learners assessing whether their set goals have been met)
during learning with an agent-based environment about the
circulatory system. The authors reported that, of all the aspects
involved, self-monitoring behavior was the most important
predictor of increased MMA (Greene and Azevedo, 2009). Using
a similar learning environment, Roscoe et al. (2013) found
that self-monitoring behavior (i.e., using a tool to formulate
questions about the learning content) positively predicted

MMA regarding climate change. Conversely, goal-setting
behavior (i.e., using text-searching tools) was not related to
changes in MMA (Roscoe et al., 2013). In the context of serious
games, Riemer and Schrader (2016a) also used a behavioral
assessment of self-monitoring (i.e., time spent in game phases
that allowed monitoring of current progress). The authors fond
that the amount of self-monitoring behavior positively predicted
post-test MMA regarding practical money skills.

Although the above-mentioned findings point to the crucial
role of self-monitoring, it is often applied insufficiently by
learners during multimedia learning (see Greene and Azevedo,
2009; Roscoe et al., 2013; Riemer and Schrader, 2016a). Roscoe
et al. (2013), for example, found that a majority of learners
did not use design features that were specifically designed to
facilitate self-monitoring (i.e., formulating questions about the
content). Likewise, Riemer and Schrader (2016a) reported that
learners used only a small proportion of their time during
learning with the serious game on monitoring their progress.
The determinants of learners’ engagement in self-monitoring,
however, remain undiscovered to date. Besides design elements,
such as scaffolds (see Roscoe et al., 2013), learner-state
variables, such as learning-centered emotions, may influence
self-monitoring during multimedia learning.

Relations Between Learning-Centered
Emotions and Self-Monitoring
The relation between learning-centered emotions and
self-monitoring has been widely acknowledged in research
about of self-regulated learning in the classroom context (e.g.,
Pekrun et al., 2002; Linnenbrink, 2007; Efklides, 2011; Pekrun
and Linnenbrink-Garcia, 2012). The prevalent assumption
is that emotions influence self-monitoring by modulating
learners’ mode of cognitive processing (see Pekrun and
Linnenbrink-Garcia, 2012). For example, positive emotions are
known to foster cognitive flexibility (Isen, 2001), which is an
important prerequisite for metacognitive processes (Pekrun
and Linnenbrink-Garcia, 2012). In contrast, negative emotions
tend to promote rigid and analytical thinking (Isen, 2001).
Therefore, positive emotions are thought to be positively related
to self-monitoring. In contrast, negative emotions are largely
believed to have a negative relationship with self-monitoring
(see Pekrun and Linnenbrink-Garcia, 2012).

Besides considering the influence of learning-centered
emotions on self-monitoring, the effects of self-monitoring
on emotions have also been discussed (e.g., Pekrun et al.,
2002; Efklides, 2011). For example, Pekrun et al. (2002)
suggested that engaging in self-regulation strategies, such as
self-monitoring, may increase the experience of subjective
control and, thus, induce positive emotions. In contrast, the
experience of external control (e.g., by an instructor) may
instigate negative emotions.

Research addressing the relations between leaning-centered
emotions and self-monitoring is largely situated in the context
of academic classroom learning (e.g., Perry et al., 2001;
Pekrun et al., 2002, 2004, 2011; Mega et al., 2014). For
example, Perry et al. (2001), found a negative correlation
between learners’ self-reported boredom and self-monitoring

Frontiers in Psychology | www.frontiersin.org 4 April 2019 | Volume 10 | Article 899

44

Chapter 3 - Study 2

https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles
https://www.frontiersin.org/journals/psychology#articles


fpsyg-10-00899 May 21, 2019 Time: 16:16 # 5

Riemer and Schrader Mental Models, Emotions, and Self-Monitoring

during an introductory psychology course. Furthermore, Mega
et al. (2014) showed that university students’ self-reported
frequency of general positive emotions experienced while
studying was positively related to metacognitive strategy use. In
contrast, general negative emotions were negatively related to
metacognitive strategy use, although this relation was weaker
than in the case of positive emotions. Studies in the academic
context demonstrate similar results (e.g., Pekrun et al., 2002,
2004, 2011). With regard to a single learning episode, Pekrun
et al. (2017), for example, found a positive correlation between
enjoyment and metacognitive strategy use during a reading
task. In addition, a negative correlation was reported for
boredom, whereas frustration was not significantly correlated
with metacognitive strategy use (Pekrun et al., 2017).

While the above-mentioned studies seem to provide a clear
picture regarding the relations between learning-centered
emotions and self-monitoring, they largely neglect the
temporal dynamics between these two learner-state variables.
These temporal dynamics are of particular relevance in
multimedia learning environments, in which the experience
of learning-centered emotions can change rapidly in terms
of intensity and persistence (D’Mello and Graesser, 2012).
Moreover, some emotions, such as boredom, can persist over an
elongated period during multimedia learning, whereas others,
such as frustration, are more transient (Baker et al., 2010).
However, large-scale surveys relying on single-time self-reports
(Perry et al., 2001; Pekrun et al., 2002, 2004, 2011; Mega et al.,
2014) or on aggregated scores (Pekrun et al., 2017) allow for
only limited inferences about the relations over time. Therefore,
variations in the relations between emotions and self-monitoring
that occur according to the intensity or the persistence of an
emotion (see D’Mello and Graesser, 2014) cannot yet be revealed.

Present Study
The overarching aim of the present study was to reveal
how learning-centered emotions and self-monitoring during
multimedia learning predict mental model development. To
this end, we asked learners to engage in a learning episode
in the domain of financial literacy using a serious game.
During the learning episode, learners repeatedly reported their
experience of enjoyment, boredom and frustration as three
learning-centered emotions of high relevance for multimedia
learning. Self-monitoring was assessed over the course of the
learning episode using a behavioral indicator. Finally, mental
model development was operationalized as changes in MMA
from pre- to post-test.

The relevance of emotions as well as of self-monitoring
has been emphasized theoretically (Moreno, 2005; Moreno and
Mayer, 2007) as well as confirmed empirically (e.g., Greene and
Azevedo, 2009; Shute et al., 2015). However, the interrelations
between these variables have been addressed only in the context
of classroom learning and without considering their dynamics
during an actual learning episode (e.g., Mega et al., 2014;
Pekrun et al., 2017). In particular, research addressing the
role of both variables simultaneously has been based mostly
on the assumption of emotions influencing self-monitoring
(e.g., Mega et al., 2014). Consequently, possible opposite effects

of self-monitoring influencing emotions (see Pekrun et al.,
2002; Efklides, 2011) have been ignored. Therefore, as a
precondition for reaching our research aim, we first addressed
the nature of the relations between learning-centered emotions
and self-monitoring during the multimedia learning episode. For
this purpose, we applied a panel design approach, investigating
the paths between the multiple measures of emotions and
intermediate self-monitoring over time. Accordingly, the first
research question and corresponding hypothesis were formulated
as follows:

Research Question 1: How are the three learning-centered
emotions and self-monitoring related to each other and
what are the temporal dynamics between them during the
multimedia learning episode?

Based on the findings stemming from research in the
context of classroom learning, the corresponding hypothesis
is that self-monitoring is positively related to enjoyment and
negatively related to boredom and frustration. In addition,
given the lack of research regarding the temporal dynamics
between learning-centered emotions and self-monitoring, the
question as to whether enjoyment, boredom and frustration
predict self-monitoring, or whether self-monitoring predicts
emotions, is addressed.

The findings in relation to the first research question
were expected to inform the modeling of learning-centered
emotions and self-monitoring for their effects on mental model
development. This was done at an aggregate data level, in
order to identify the general effects with a parsimonious model.
Accordingly, the second research question and corresponding
hypothesis were formulated as follows:

Research Question 2: How do learning-centered emotions
and self-monitoring jointly predict MMA after the
multimedia learning episode?

Given the theoretical assumptions regarding the isolated
effects of emotions and self-monitoring on mental model
development, the corresponding hypothesis is that post-test
MMA is positively predicted by enjoyment, and negatively
predicted by boredom and frustration. In addition, post-
test MMA is assumed to be positively predicted by self-
monitoring. These effects are assumed to emerge with initial
MMA (i.e., pre-test MMA) being controlled for. In addition,
it was expected that the interrelations between emotions and
self-monitoring found at the panel data level also emerge in the
aggregated overall model.

MATERIALS AND METHODS

Participants
The sample consisted of 108 undergraduate students (56 females
and 52 males) from a German university. Their mean age
was 22.79 years (SD = 3.42). The participants came from the
study fields of psychology (38.5%), STEM (science, technology,
engineering, and mathematics) (32.2%), economics (19.2%)
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and medicine (8.2%). Regarding their socioeconomic status,
63.9% reported a monthly income below 500 euros, 25.0%
reported an income between 500 and 1,000 euros, and 11.1%
reported an income of more than 1,000 euros per month. These
proportions are regarded to be representative of the income
for the population of German university students (see Statista,
2018). The participants were recruited via e-mail invitations,
announcements made in classes and notes posted on campus.
For compensation, participants could choose to receive either a
course credit or a payment of 15 euros. The participants gave their
written informed consent in accordance with the Declaration of
Helsinki. The review board of the authors’ institution declared
that no ethics committee approval was required for this study.

Stimulus – The Cure Runners Game
The multimedia learning environment used in this study
was a serious game called Cure Runners (Three Coins ,
2013). The instructional aim of Cure Runners is to enhance
students’ financial literacy by training them in practical money
skills. Practical money skills comprise, for example, planning
ahead, financial decision-making and monitoring one’s own
finances (Fessler et al., 2007). The corresponding mental
models include knowledge related to, among others, budgeting,
saving, credit and debt (Aprea, 2012). The Organisation
for Economic Co-operation and Development (OECD) has
repeatedly identified deficiencies in practical money skills
among the general population (e.g., Atkinson and Messy, 2012;
OECD , 2017) as well as among undergraduate university
students (Bongini et al., 2016). Consequently, repeated calls
for interventions have been raised to advance the practical
money skills of university students (e.g., Miller et al., 2014;
Gerrans and Heaney, 2016).

The platform game Cure Runners is set in a fictional world
that suffers from an unknown infection. To survive in the world,
learners need to collect cure, which serves as both a medicine and
a currency in the game. The game comprises two major elements:
(1) missions and (2) decision and reflection phases. To finish
the game, learners must complete five consecutive sections. Each
section comprises at least one mission and several decision and

FIGURE 1 | Example screenshot for a mission in Cure Runners (published
with permission from Three Coins).

reflection phases. To progress from one section to another and to
obtain cure, one mission must be accomplished in each section.
The main objective of the missions (see Figure 1) is to guide the
game character through the platform levels within a certain time.
In addition, a certain number of specific mission items must be
collected to complete a mission successfully. Within the platform
levels, learners must overcome obstacles, such as jumping over
abysses, to finish the mission in time. When time runs out, a small
amount of cure is lost every additional second until the learner
reaches the finish or chooses to cancel and possibly restart the
mission. When learners run out of cure during a mission, the
game character faints and the mission needs to be restarted.

Between missions, learners can navigate through the decision
and reflection phases. In these phases, learners must decide how
to spend the cure by considering different types of expenses,
such as regular expenses for housing and food, leisure expenses
(e.g., alternative clothing for the game character) or expenses that
arise from random events (e.g., injuries). In addition, learners
can choose whether to pay immediately or postpone payment to
later game sections (i.e., paying in installments or on credit), or
not pay at all. Possible consequences of the learners’ decisions
are becoming over indebted, not being able to pay for food and,
as a result, becoming ill. In addition to minding their expenses,
learners must meet a savings target (i.e., to pay a smuggler to
leave the infested area) to finish the game successfully. Finally,
learners can choose to view statistics and balance sheet screens
(Figure 2) during the decision and reflection phases. These
provide learners with information about their current amount of
cure and a projection of their savings target (Figure 2A), as well
as a comparison of earnings and spending (Figure 2B).

Measures
Emotions
The three discrete emotions (i.e., enjoyment, boredom, and
frustration) were assessed via self-reports using single items at
multiple occasions during Cure Runners. Although the use of
single-item measures of emotions has some disadvantages (see
Harmon-Jones et al., 2016), they are less time-consuming and,
thus, less prone to recall biases (Goetz et al., 2016). These
benefits are of particular relevance in settings with repeated
measures, as in the present study. Accordingly, single-item
emotion self-reports have been used previously in research on
multimedia learning with repeated measures (e.g., Sabourin et al.,
2012), in experience-sampling studies (e.g., Goetz et al., 2016) and
in cross-sectional designs (e.g., Goetz et al., 2006).

The items were administered on screen before the game as
a baseline measure and after each of the five sections of Cure
Runners. On each measurement occasion, participants had to
respond to the statement, I am currently experiencing. . . followed
by enjoyment, boredom, and frustration on three seven-point
Likert scales ranging from 1 (very little) to 7 (very strongly).

Self-Monitoring
We used a behavioral measure to assess self-monitoring during
learning. Previous studies have provided evidence for the
predictive value of behavioral self-monitoring measures for
learning outcomes in multimedia learning (Pieschl et al., 2012;
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FIGURE 2 | Example screenshots of (A) statistics screen with projection toward savings target and (B) balance sheet screen in Cure Runners (published with
permission from Three Coins).

Roscoe et al., 2013; Riemer and Schrader, 2016a). In particular,
by following the definition of self-monitoring proposed by
Schmidt and Ford (2003), we argue that the applied behavioral
measure represents the amount by which learners checked and
evaluated their progress on Cure Runners.

In this study, self-monitoring was operationalized as the ratio
of time that learners spent viewing the statistics and balance
sheet screens (see Figure 2) to the total time spent on navigating
through the decision and reflection phases. This ratio was
chosen over the absolute time spent viewing the statistics and
balance sheet screens in order to account for missing values due
to technical complications (see “Results” section). In addition,
by comparing the time spent in the decision and reflection
phases (instead of total playing time), the ratios remained
unaffected by individual differences in gameplay proficiency
regarding the missions.

The measurement of time was achieved using screen
recordings of the individual learning sessions and a labeling
software developed using MATLAB (The MathWorks , 2014).
For each participant, the time spent on the statistics and
balance sheet screens was divided by the time spent on
the decision and reflection phases. The resulting ratios took
the values of 0 < x < 1, with higher values indicating a
higher amount of self-monitoring. This measure was also used
in our previous study (Riemer and Schrader, 2016a,b) and
correlated significantly with retrospective self-reports of self-
monitoring (r = 0.23, p = 0.025, n = 97) as adapted from
Schraw and Dennison (1994).

Mental Model Development
Mental model development was operationalized as changes
in MMA, measured before (pre-test) and after (post-test)
the learning episode. Pre- and post-test MMA was assessed
using a structural knowledge assessment method based on
the relatedness ratings of relevant domain concepts (e.g.,
Kraiger et al., 1995; Wouters et al., 2011). In the field of
education, structural knowledge assessment has previously
been used to assess mental models in a variety of topics
(for an overview, see Trumpower and Vanapalli, 2016).
Additionally, structural assessment has been applied in the
context of multimedia learning to investigate mental model
development in domains such as medical skills training

(van der Spek et al., 2010, 2011; Wouters et al., 2011) and
financial education (Riemer and Schrader, 2016a). This form of
assessment is regarded as particularly suitable for representing
the contextualized knowledge that multimedia learning
environments, such as serious games, aim to promote (Wouters
et al., 2011). Moreover, structural knowledge assessment has
previously been shown to be a strong predictor of performance in
transfer tasks (e.g., Kraiger et al., 1995; Day et al., 2001), thereby
demonstrating its external validity.

In this study, the structural knowledge assessment was
achieved in three steps. First, before and after the learning

FIGURE 3 | Referent network structure of practical money skills. ST, savings
target; E&S, earnings and spending; AB, account balance.
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episode, the participants rated the relatedness of 105 pairs of
domain concepts of practical money skills. The ratings were
conducted via computerized questionnaires using seven-point
scales, ranging from (1) hardly related to (7) strongly related.
The 15 domain concepts (see Figure 3) were identified in
collaboration with experts in financial education. Second, based
on the relatedness ratings, network structures representing
the individual mental models were established using the
Pathfinder algorithm (Schvaneveldt(ed.) , 1990). In these network
structures, the domain concepts are represented as nodes and
the relationship between the concepts as links (see Figure 3).
The higher the relatedness ratings between concepts, the closer
they are positioned to each other in the network structure
(i.e., fewer concepts between them). The network structures
were calculated using the JPathfinder software (Schvaneveldt,
2014). Third, all individual pre- and post-test network structures
were evaluated for their accuracy (i.e., MMA) by comparison
with a referent network structure of practical money skills
(Figure 3). The referent structure was established based on
the median scores of the relatedness ratings provided by
three domain experts. We chose average expert ratings to
establish a referent network structure because of the high
validity provided by this approach (see Acton et al., 1994).
MMA was computed as the degree of similarity between
participants’ network structures and the referent structure using
JPathfinder (Schvaneveldt, 2014). The resulting scores for MMA
obtained values of 0 ≤ x ≤ 1, with higher values indicating
greater accuracy.

The MMA measure applied in this study has previously
been shown to correlate with financial literacy measures adapted
from Kempson (2009); Lusardi and Mitchell (2011), and the
OECD (2012), largely in the expected directions (Riemer and
Schrader, 2015). Significant positive correlations were found
between MMA and self-reported savings behavior (r = 0.22,
p = 0.031, n = 96) as well as problem awareness regarding debt
(r = 0.31, p = 0.002, n = 96). In contrast, there was no significant
correlation between MMA and numeracy skills (r = −0.16,
p = 0.128, n = 96). However, this was not unexpected, since
numeracy skills were not the focus of practical money skills as
captured by the 15 domain concepts used for MMA assessment
(see Figure 3).

Procedure
The study was conducted in a computer laboratory on the
university campus. The participants were informed that their
learning sessions would be recorded and signed an informed
consent form. An online questionnaire was subsequently
administered comprising demographic information as well as the
relatedness ratings from which the pre-test MMA was obtained.
Participants then completed the first emotion questionnaire,
which was used as a baseline measure of emotions. The
participants then played Cure Runners and responded to the
emotion questionnaires, which were administered during brief
intermissions at the end of each of the five sections. At
the end of the learning episode, the post-test MMA was
obtained in the same way as the pre-test scores. The mean
duration of the learning episode was 67.29 min (SD = 15.56)

and the total procedure took approximately 90 min. Upon
completion, participants were debriefed and received their
compensation of choice.

Analytical Approach and Statistical
Analyses
The two research questions, as posed in Section “Present
Study,” were addressed in two consecutive steps. In the first
step, we used a panel design to address the first research
question regarding the nature of the relations between the
learner-state variables (i.e., emotions and self-monitoring)
over the course of playing Cure Runners. Using sequential
Partial Least Squares Path Model (PLS-PM) analyses (Wold,
1982, 1985), we established three separate panel models
for enjoyment, boredom, and frustration, including the self-
reported emotions measured at the baseline, as well as at
the five measurement occasions during the game (T1–T5; see
“Self-Monitoring” section). Each model also contained self-
monitoring as measured during each of the five sections. It
should be noted that, in contrast with classical cross-lagged
panel models (e.g., Selig and Little, 2012), the variables were
not assessed simultaneously on each measurement occasion,
but in alternating order. Accordingly, paths were modeled
for the self-reported emotions predicting self-monitoring in
the subsequent section, for self-monitoring predicting the
subsequent emotion self-reports, and between consecutive
measures of emotions and self-monitoring (see Figures 4–6).
This allowed for an investigation into the direct and indirect
effects between variables, while controlling for autoregressive
effects (Selig and Little, 2012). Similar panel design models
have previously been used in conjunction with sequential path
modeling techniques to investigate the directional influences
between emotions and academic achievement (Pekrun et al.,
2014; Putwain et al., 2017).

In the second step, the second research question regarding
the effects of learning-centered emotions and self-monitoring
on mental model development was addressed. To this end, we
applied a PLS-PM analysis, including values of the learner-
state variables aggregated over the learning episode, and
learners’ pre- and post-test MMA scores. For the emotions, we
calculated the mean self-report scores over the five measurement
occasions during the playing of Cure Runners. For self-
monitoring, the ratios of the total time spent in statistics
and balance sheet screens to the total time spent on the
decision and reflection phases (see “Mental Model Development”
section) were used. The aggregation of multiple measures is
a common approach to capture the general effects between
variables (see Bakdash and Marusich, 2017), which has been
previously applied, for example, in the case of emotions (Spering
et al., 2005; Shute et al., 2015) and engagement (Ben-Eliyahu
et al., 2018). However, modeling the directional influences
between aggregated variables is often based on assumptions,
which are usually not tested (e.g., Shute et al., 2015). To
counteract this weakness, we used the results from the first
step regarding the temporal dynamics between emotions and
self-monitoring to inform their positioning in the aggregate
model (see Figure 7).
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The application of PLS-PM analyses in both steps of the
analytical approach has several advantages compared with
covariance-based path modeling techniques. For example, the
PLS-PM works efficiently with small sample sizes and complex
models, makes no assumptions about the distribution of
the underlying data and can handle single-item constructs
without identification problems (Hair et al., 2013). Furthermore,
being a variance-based approach, the PLS-PM is particularly
useful for prediction-oriented research (Hair et al., 2013;
Hamari et al., 2016), as is the case with the present study.
However, in contrast with covariance-based approaches for
model testing, there are no suitable criteria for global model
evaluation (i.e., goodness of fit) available for the PLS-PM
(Hair et al., 2013; Henseler and Sarstedt, 2013). Instead, the
structural model was evaluated by inspecting the collinearity
among the constructs, the significance of path coefficients
(β) and the explained variance (R2), as suggested by Hair
et al. (2013). In addition, Stone-Geisser’s Q2 values were
examined, with values greater than 0, indicating a model’s
predictive relevance for a given construct (Hair et al., 2013).
Regarding effect sizes, we considered values of R2 larger than
0.02, 0.13, and 0.26 to represent small, moderate, and large
effects, respectively (see Cohen, 1988). In addition, values of Q2

larger than 0.02, 0.15, and 0.35 can be considered to represent
low, moderate, and high predictive relevance, respectively (see
Garson, 2016). In the present study, no measurement models
were needed to be evaluated, since we only used single-
item constructs. The PLS-PM analyses were conducted using
the R-packages pls-pm (Sanchez et al., 2017) and semPLS
(Monecke and Leisch, 2013).

RESULTS

Due to technical complications, not all the measurement
occasions of self-reported emotions or self-monitoring were
recorded for some learners. As a result, the sample size varied
between n = 88 for the panel models and n = 108 for analyses
using the aggregated values.

Descriptive Statistics and Preliminary
Analyses
The means and standard deviations presented in Table 1 indicate
that, from the baseline measures to about the midpoint of

playing Cure Runners, the degrees of self-reported enjoyment and
boredom appeared to decrease, whereas self-reported frustration
appeared to increase. Repeated measure ANOVAs over the
baseline measure and the five measurement occasions (T1–T5)
revealed significant differences for enjoyment [F(5,83) = 6.62,
p < 0.001, η2

p = 0.30], boredom [F(5,83) = 7.55, p < 0.001,
η2

p = 0.31] and frustration [F(5,83) = 10.17, p < 0.001, η2
p = 0.38].

In subsequent pairwise comparisons, it was revealed that the
degrees of self-reported emotions largely changed in the early
stages of Cure Runners (see Table 1).

Self-monitoring appeared to be exhibited to a higher degree
during the three middle sections compared to the first and
last sections (see Table 1). There were significant differences in
self-monitoring between sections [F(4,84) = 41.63, p < 0.001,
η2

p = 0.67]. In addition, the amounts of self-monitoring differed
significantly between almost all sections of Cure Runners, except
between sections 2 and 3 as well as between sections 2 and 4
(see Table 1).

The means and standard deviations for the aggregated
measures of self-reported emotions and self-monitoring, as well
as the pre- and post-test scores for MMA, are shown in Table 2.
In general, enjoyment, boredom, and frustration were reported to
be experienced in low to moderate degrees throughout the course
of playing Cure Runners. Furthermore, learners spent an average
of 5% of their time during the decision and reflections phases
on self-monitoring. Finally, learners’ MMA scores were generally
moderate, given a hypothetical maximum of 1. However, MMA
did not increase significantly as a result of playing Cure Runners
[t(107) = −0.86, p = 0.391].

Interrelations Between Emotions and
Self-Monitoring
Across all three panel models with the paths between single
measurement occasions of emotions and self-monitoring, the
variance inflation factors (VIFs) for the predictors ranged from
1.00 to 1.10 and the tolerance values ranged from 0.91 to 1.00.
Thus, collinearity was not an issue for the sequential PLS-PM
analyses (see Hair et al., 2013).

The results of the sequential PLS-PM analyses are reported
in Figures 4–6. In the figures, the significant direct paths
between the variables are shown as solid black lines, whereas
the non-significant direct paths are shown as gray lines.
The non-significant path coefficients are omitted from

TABLE 1 | Means and standard deviations for single measurement occasions of learner-state variables.

Variable BL M (SD) T1 M (SD) T2 M (SD) T3 M (SD) T4 M (SD) T5 M (SD)

Enjoyment 4.41abcd (1.38) 4.09abcd (1.33) 3.66a (1.58) 3.42b (1.67) 3.45c (1.72) 3.39d (1.90)

Boredom 2.70abcd (1.46) 2.23a (1.30) 1.95a (1.22) 2.10b (1.41) 2.15c (1.41) 2.19d (1.42)

Frustration 1.94abcd (1.43) 2.40abcd (1.51) 3.05a (1.81) 3.33b (1.91) 3.33c (1.88) 3.00d (1.89)

S1 M (SD) S2 M (SD) S3 M (SD) S4 M (SD) S5 M (SD)

Self-monitoring 0.03ab (0.01) 0.08a (0.05) 0.07b (0.06) 0.09b (0.07) 0.04ab (0.04)

Measurement occasions with the same superscript are significantly different at p < 0.05. BL, baseline measurement. T1 to T5, five measurement occasions during playing
Cure Runners. S1 to S5, five sections of Cure Runners. Range of scores: emotions: 1–7; self-monitoring: 0–1. n = 88.
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TABLE 2 | Means and standard deviations for aggregated learner-state variables
and pre- and post-test MMA.

Variable M (SD)

Enjoyment 3.63 (1.28)

Boredom 2.16 (1.19)

Frustration 3.13 (1.42)

Self-monitoring 0.05 (0.03)

Pre-test MMA 0.29 (0.07)

Post-test MMA 0.30 (0.09)

MMA, mental model accuracy. Range of scores: emotions: 1–7; self-monitoring:
0–1; MMA: 0–1. n = 108.

the figures for better readability, but can be found in
Supplementary Tables S1–S3. In addition, the significant
indirect paths (i.e., total compound effects of intermediate
direct paths) are shown in the figures as dashed lines.
However, the non-significant indirect paths are omitted for
reasons of clarity.

Enjoyment
The bivariate Pearson correlations between the single
measurement occasions of self-reported enjoyment and
self-monitoring, shown in Table 3, were largely positive.

Thus, learners who reported higher enjoyment while
playing Cure Runners also engaged in more self-monitoring.
However, only the correlation coefficients between enjoyment
at T2 and T4 and self-monitoring in section 4 were
statistically significant.

The results of the PLS-PM analysis are presented in Figure 4
(see also Table S1 in the Supplementary Materials). No
significant paths from self-reported enjoyment in the direction
of self-monitoring were found over the course of playing
Cure Runners. In contrast, self-monitoring, as exhibited during
section 2, was a significant positive predictor of enjoyment
reported at T2 (i.e., after section 2). Additionally, there
were significant positive indirect paths from self-monitoring
to self-reported enjoyment. The indirect paths shown in
Figure 4 represent the compound effects of all direct paths
between self-monitoring in section 2 and enjoyment reported
at T3, T4, and T5. Furthermore, enjoyment and, to a
lesser extent, self-monitoring showed significant autoregressive
effects. The R2 values presented in Figure 4 indicate that
the variance explained by the predictors was moderate to
high for self-reported enjoyment and small to moderate
for self-monitoring. In addition, the Q2 values indicate that
predictive relevance in the model was medium to high for
all five measurement occasions of enjoyment and low for

FIGURE 4 | Sequential PLS-PM analysis showing all direct and the significant indirect paths between enjoyment and self-monitoring. BL, baseline measurement; T1
to T5, five measurement occasions during playing Cure Runners; S1 to S5, five sections of Cure Runners. Black lines, significant direct paths; gray lines,
non-significant direct paths; dashed lines, significant indirect paths. n = 88. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

FIGURE 5 | Sequential PLS-PM analysis showing all direct and the significant indirect paths between boredom and self-monitoring. BL, baseline measurement; T1
to T5, five measurement occasions during playing Cure Runners; S1 to S5, five sections of Cure Runners. Black lines, significant direct paths; gray lines,
non-significant direct paths; dashed lines, significant indirect paths. n = 88. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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FIGURE 6 | Sequential PLS-PM analysis showing all direct and the significant indirect paths between frustration and self-monitoring. BL, baseline measurement; T1
to T5, five measurement occasions during playing Cure Runners; S1 to S5, five sections of Cure Runners. Black lines, significant direct paths; gray lines,
non-significant direct paths; dashed lines, significant indirect paths. n = 88. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

self-monitoring in sections 2 to 4. For self-monitoring in sections
1 and 5, predictive relevance was not given.

Boredom
The Pearson correlations between the measurement occasions
of self-reported boredom and self-monitoring, shown in
Table 4, indicate that boredom was generally negatively
related to self-monitoring. Therefore, the more that learners
reported being bored, the less they engaged in self-monitoring.
However, only the correlation between boredom reported at
T3 and self-monitoring shown during the subsequent section
was significant.

The PLS-PM presented in Figure 5 (see also Table S2 in
the Supplementary Materials) shows that boredom reported
at T3 was a significant negative predictor of self-monitoring
exhibited in the subsequent section (4). In addition, significant
indirect paths were found for boredom reported at T1 and
T2, negatively predicting self-monitoring in section 4. No
significant paths of self-monitoring on the subsequent reports
of boredom were found. Moreover, the autoregressive effects
of boredom and self-monitoring were similar to those in
the model with self-reported enjoyment and self-monitoring.

The explained variance was high for self-reported boredom
and low for self-monitoring, except for section 4 where the
R2 value was of a moderate size. Predictive relevance was
moderate to high for self-reported boredom and low for
self-monitoring, except in sections 1 and 5, in which no predictive
relevance was present.

Frustration
The Pearson correlations for the measurement occasions
of self-reported frustration and self-monitoring are
provided in Table 5, revealing largely negative correlations
between frustration and self-monitoring. Thus, learners
who reported more frustration also showed less self-
monitoring. However, significant correlation coefficients
were only found between the final four measurement
occasions of frustration and self-monitoring during
sections 3 and 4.

The results of the PLS-PM analysis, presented in Figure 6,
indicate that frustration reported at T2 was a significant
negative predictor of self-monitoring during the subsequent
section (see also Table S3 in the Supplementary Materials).
Additionally, a series of significant indirect paths was detected.

TABLE 3 | Pearson correlations between single measurement occasions of enjoyment and self-monitoring.

Variable 1 2 3 4 5 6 7 8 9 10

1. Enjoyment BL −

2. Enjoyment T1 0.55∗∗∗
−

3. Enjoyment T2 0.29∗∗ 0.48∗∗∗
−

4. Enjoyment T3 0.33∗∗ 0.62∗∗∗ 0.68∗∗∗
−

5. Enjoyment T4 0.32∗∗ 0.48∗∗∗ 0.52∗∗∗ 0.69∗∗∗
−

6. Enjoyment T5 0.29∗∗ 0.48∗∗∗ 0.28∗∗ 0.55∗∗∗ 0.45∗∗∗
−

7. Self-monitoring S1 −0.03 0.06 0.06 0.01 −0.16 −0.10 −

8. Self-monitoring S2 0.04 −0.14 0.15 0.02 −0.04 −0.08 0.28∗∗
−

9. Self-monitoring S3 −0.01 0.13 0.18 0.20 0.02 0.01 0.28∗∗ 0.24∗
−

10. Self-monitoring S4 0.05 0.16 0.22∗ 0.18 0.24∗
−0.08 0.07 0.16 0.31∗∗

−

11. Self-monitoring S5 0.01 −0.02 −0.01 0.06 0.15 −0.09 0.14 0.23∗ 0.17 0.03

BL, baseline measurement. T1 to T5, five measurement occasions during playing Cure Runners. S1 to S5, five sections of Cure Runners. n = 88. ∗p < 0.05, ∗∗p < 0.01,
∗∗∗p < 0.001.
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TABLE 4 | Pearson correlations between single measurement occasions of boredom and self-monitoring.

Variable 1 2 3 4 5 6 7 8 9 10

1. Boredom BL −

2. Boredom T1 0.56∗∗∗
−

3. Boredom T2 0.64∗∗∗ 0.66∗∗∗
−

4. Boredom T3 0.58∗∗∗ 0.48∗∗∗ 0.66∗∗∗
−

5. Boredom T4 0.47∗∗∗ 0.55∗∗∗ 0.64∗∗∗ 0.77∗∗∗
−

6. Boredom T5 0.52∗∗∗ 0.44∗∗∗ 0.62∗∗∗ 0.68∗∗∗ 0.71∗∗∗
−

7. Self-monitoring S1 0.06 −0.06 −0.08 −0.07∗∗
−0.12 −0.07 −

8. Self-monitoring S2 0.01 −0.03 −0.13 −0.02 0.09 0.02 0.28∗∗
−

9. Self-monitoring S3 −0.03 −0.01 −0.10 −0.18 −0.09 −0.00 0.28∗∗ 0.24∗
−

10. Self-monitoring S4 0.06 −0.03 −0.06 −0.24∗
−0.08 −0.10 0.07 0.16 0.31∗∗

−

11. Self-monitoring S5 0.05 0.08 0.03 0.14 0.13 0.05 0.14 0.23∗ 0.17 0.03

BL, baseline measurement. T1 to T5, five measurement occasions during playing Cure Runners. S1 to S5, five sections of Cure Runners. n = 88. ∗p < 0.05, ∗∗p < 0.01,
∗∗∗p < 0.001.

The dashed lines in Figure 6 represent the compound
effects of all direct paths between frustration reported at
the baseline, at T1 and at T2, in turn negatively predicting
self-monitoring in sections 3 and 4. No significant paths
were found for self-monitoring in the direction of self-
reported frustration. The autoregressive effects in the model
resemble those reported for the models with self-reported
enjoyment and boredom. For self-reported frustration, the
variance explained by the model was moderate to high.
For self-monitoring, the variance explained was moderate
for sections 3 and 4 and low in section 2. Predictive
relevance was largely moderate for self-reported frustration,
except for T3, for which high predictive relevance was
present. For self-monitoring, predictive relevance was low in
sections 2 to 4, whereas, for sections 1 and 5, no predictive
relevance emerged.

Emotions and Self-Monitoring Predicting
Mental Model Development
The bivariate Pearson correlations between aggregated values
of self-reported emotions and self-monitoring, as well as
pre- and post-test MMA, are given in Table 6. No significant

correlation was found between self-reported enjoyment
and self-monitoring at the aggregate level. Moreover,
enjoyment appeared to be uncorrelated with pre- and
post-test MMA. Self-reported boredom was significantly
and negatively related to pre- as well as post-test MMA,
but unrelated to self-monitoring. Conversely, self-reported
frustration was related significantly and negatively to
self-monitoring, but no significant correlation was found
with either pre- or post-test MMA. Finally, a significant
positive correlation was found between self-monitoring
and post-test MMA.

The positioning of the aggregated variables in the subsequent
PLS-PM analysis (see Figure 7) was made in accordance with
the findings from the panel model analyses (see “Interrelations
Between Emotions and Self-Monitoring” section). Since
the relations between each emotion and self-monitoring in
the panel models were unidirectional (i.e., no significant
reciprocal relations emerged), the interrelations in the aggregate
PLS-PM could be modeled unambiguously. Thus, we modeled
self-reported enjoyment to be predicted by self-monitoring,
whereas self-reported boredom and frustration were included
as predictors of self-monitoring. Moreover, we modeled

TABLE 5 | Pearson correlations between single measurement occasions of frustration and self-monitoring.

Variable 1 2 3 4 5 6 7 8 9 10

1. Frustration BL −

2. Frustration T1 0.45∗∗∗
−

3. Frustration T2 0.23∗ 0.49∗∗∗
−

4. Frustration T3 0.31∗∗ 0.42∗∗∗ 0.63∗∗∗
−

5. Frustration T4 0.26∗∗ 0.42∗∗∗ 0.42∗∗∗ 0.58∗∗∗
−

6. Frustration T5 0.32∗∗ 0.41∗∗∗ 0.46∗∗∗ 0.56∗∗∗ 0.56∗∗∗
−

7. Self-monitoring S1 −0.02 −0.16 −0.06 −0.10 0.09 −0.03 −

8. Self-monitoring S2 −0.12 −0.03 −0.03 0.02 0.11 −0.08 0.28∗∗
−

9. Self-monitoring S3 −0.07 −0.25∗
−0.29∗∗

−0.27∗
−0.09 −0.17 0.28∗∗ 0.24∗

−

10. Self-monitoring S4 −0.01 −0.14 −0.18 −0.26∗
−0.24∗

−0.02 0.07 0.16 0.31∗∗
−

11. Self-monitoring S5 0.03 0.05 0.10 0.07 0.04 0.08 0.14 0.23∗ 0.17 0.03

BL, baseline measurement. T1 to T5, five measurement occasions during playing Cure Runners. S1 to S5, five sections of Cure Runners. n = 88. ∗p < 0.05, ∗∗p < 0.01,
∗∗∗p < 0.001.
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TABLE 6 | Pearson correlations between aggregated learner-state variables and
pre- and post-test MMA.

Variable 1 2 3 4 5

1. Enjoyment −

2. Boredom −0.19∗
−

3. Frustration −0.45∗∗∗ 0.27∗∗
−

4. Self-Monitoring 0.09 −0.14 −0.23∗
−

5. Pre-test MMA 0.18 −0.21∗
−0.01 0.13 −

6. Post-test MMA 0.05 −0.27∗∗
−0.02 0.23∗ 0.50∗∗∗

MMA, mental model accuracy. n = 108. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

all three emotions, self-monitoring and pre-test MMA as
predictors of post-test MMA. Finally, pre-test MMA was
modeled as a predictor of emotions and self-monitoring
(see Figure 7). For all predictors, the VIF ranged from 1.08
to 1.39 and the tolerance values ranged from 0.72 to 0.93.
Thus, collinearity was not considered critical to the analysis
(see Hair et al., 2013).

The results shown in Figure 7 illustrate that pre-test
MMA was the strongest predictor for learners’ MMA after
playing Cure Runners, showing a positive effect (see also
Supplementary Table S4). Additionally, pre-test MMA was
a significant negative predictor for self-reported boredom,
indicating that learners with higher initial MMA experienced
less boredom while playing Cure Runners. Furthermore, the
amount of enjoyment reported while playing Cure Runners
did not significantly predict post-test MMA. In contrast,
self-reported boredom emerged as an additional significant
and negative predictor of post-test MMA beyond pre-test
MMA, but was unrelated to self-monitoring. Conversely, self-
reported frustration while playing Cure Runners had no direct
path to post-test MMA. Instead, frustration was a significant
and negative predictor for self-monitoring. In addition, self-
monitoring emerged as a significant predictor of MMA after
playing Cure Runners, showing a positive effect. Thus, the more
that learners engaged themselves in self-monitoring behavior

while playing Cure Runners, the more accurate their mental
models were afterward. However, there was no significant path
between self-monitoring and enjoyment at the aggregate level.
Concerning post-test MMA, the predictors explained a large
amount of variance, whereas, for self-reported emotions and self-
monitoring, the explained variance was low. In addition, the Q2

values indicate moderate predictive relevance for the post-test
MMA and low predictive relevance for self-reported boredom
and self-monitoring. With Q2 values close to and below 0, no
predictive relevance was present for self-reported enjoyment
and frustration.

DISCUSSION

Although multimedia learning environments are deemed
to facilitate the development of accurate mental models
(Moreno and Mayer, 2007; Sitzmann, 2011), affective and
metacognitive learner-state variables can influence the
effectiveness of multimedia learning (Moreno, 2005). In
this study, we aimed to gain a deeper understanding of how
learning-centered emotions and metacognitive self-monitoring
interrelate and predict mental model development in multimedia
learning. To this end, we collected repeated self-reports
of three discrete emotions (i.e., enjoyment, boredom and
frustration) while learners played a serious game as a specific
form of a multimedia learning environment. In addition, a
behavioral indicator was used to measure self-monitoring
while learning. Thus, it was possible to account for the
temporal dynamics between both learner-state variables. The
presence of dynamic changes in emotions and self-monitoring
was indicated by the preliminary analyses, where significant
differences were found for the two learner-state variables over
the course of the learning episode. To capture mental model
development, a structural knowledge assessment was applied
to assess the accuracy of learners’ knowledge, as organized
in mental models (i.e., MMA) before and after the learning
episode. Two main research questions were addressed in

FIGURE 7 | PLS-PM path model analysis showing paths between aggregated enjoyment, boredom, frustration, and self-monitoring, as well as pre-, and post-test
MMA. MMA, mental model accuracy. Black lines, significant paths; gray lines, non-significant paths. n = 108. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

Frontiers in Psychology | www.frontiersin.org 13 April 2019 | Volume 10 | Article 899

53

Chapter 3 - Study 2

https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/journals/psychology/
https://www.frontiersin.org/
https://www.frontiersin.org/
https://www.frontiersin.org/journals/psychology#articles
https://www.frontiersin.org/journals/psychology#articles


fpsyg-10-00899 May 21, 2019 Time: 16:16 # 14

Riemer and Schrader Mental Models, Emotions, and Self-Monitoring

two consecutive analytical steps, in both of which PLS-PM
analyses were applied.

Relations and Temporal Dynamics
Between Learning-Centered Emotions
and Self-Monitoring
Regarding the first research question about the nature of
the relationship between emotions and self-monitoring during
learning, three major findings emerged. Firstly, self-reported
enjoyment largely showed a positive relation to self-monitoring,
whereas self-reported boredom and frustration were both
negatively related to self-monitoring. This conforms to our
hypothesis as well as to previous findings on the relations of
positive and negative emotions with metacognitive strategy use
(e.g., Perry et al., 2001; Pekrun et al., 2002, 2011; Mega et al.,
2014). On a general note, the relations between emotions and
self-monitoring appeared to be strongest for frustration. This can
be derived from the higher number of significant correlations
between self-monitoring and frustration as compared to
enjoyment and boredom. In addition, self-reported frustration
shared the highest number of significant indirect paths
with self-monitoring in the panel models. Finally, frustration
was the only emotion showing a significant correlation
with self-monitoring when values were aggregated across the
multimedia learning episode. The finding regarding the relative
strengths of relations is not consistent with results from previous
studies, based on aggregated measures of emotions as well as of
metacognitive strategies (e.g., Mega et al., 2014; Pekrun et al.,
2017). This discrepancy may be partly attributed to a bias,
originating from retrospective emotion self-reports which are
detached from a specific learning episode (see Mega et al., 2014).
In particular, there exists evidence that positive learning-centered
emotions, such as enjoyment, are more salient for learners
than negative learning-centered emotions (Raccanello et al.,
2018). Thus, retrospective self-reports of positive emotions
may be more reliable than of negative emotions, which can
also contort their relations with other variables. In addition,
previous studies did not account for the dynamics of emotions
during a learning episode (see Pekrun et al., 2017). Therefore,
possible differences in the associations between emotions and
self-monitoring which arise from differences in the intensities
of emotional experience (see D’Mello and Graesser, 2014) could
not be detected. Accordingly, it can be argued that boredom,
in contrast with frustration, was not experienced with sufficient
intensity in the present study in order to demonstrate a higher
relation with self-monitoring. This view is further supported by
the relatively low values of boredom, compared to frustration, as
reported by learners during the learning episode.

The second major finding concerns the temporal dynamics
between learning-centered emotions and self-monitoring, which
differed for the three emotions. While self-reported enjoyment
was elevated in consequence of heightened self-monitoring,
opposite successions emerged for the negative emotions.
Specifically, higher degrees of self-reported boredom and
frustration were both followed by a decrease in self-monitoring
in subsequent sections of Cure Runners. Thus, the prevalent

assumption of emotions generally predicting metacognitive
strategy use (e.g., Mega et al., 2014) was not completely
supported by our results. However, the result conforms to
the assumption that engaging in self-regulation strategies, such
as self-monitoring, may lead to greater subjective control
and, hence, greater enjoyment of a learning episode (e.g.,
Pekrun et al., 2002). In the present study, a high amount
of self-monitoring behavior can be seen as engagement in
self-regulation. Conversely, a low amount of self-monitoring may
not have denoted increased perceived external control, given
that learners could act freely within Cure Runners. Therefore,
it is plausible that self-monitoring only preceded enjoyment,
whereas it was not predictive of frustration and boredom. Instead,
the negative emotions apparently arose from other stimuli (e.g.,
game events) during the learning episode (see Gilleade et al.,
2005; van Lankveld et al., 2010; D’Mello, 2013) and subsequently
predicted self-monitoring.

Thirdly, the relations between emotions and self-monitoring
did not appear consistently throughout the learning episode.
Most interestingly, self-reported boredom and frustration did
not always have an immediate effect but showed indirect effects,
predicting self-monitoring at later instances of the learning
episode. This implies that boredom and frustration may need
to persist over time in order to have an effect on learners’
self-monitoring. This is partly in line with assumptions that
relate prolonged frustration to disengagement from learning
(D’Mello and Graesser, 2012).

Learning-Centered Emotions and
Self-Monitoring as Predictors of Mental
Model Development
The second research question addressed the effects of both
learner-state variables on the accuracy of learners’ mental models
after the multimedia learning episode. These effects were tested
using aggregated values of learning-centered emotions and
self-monitoring, with initial MMA (i.e., pre-test MMA) being
controlled for. Initial MMA emerged as the strongest predictor of
MMA after learning and also negatively predicted self-reported
boredom averaged across all measurement occasions. This
parallels findings which have related higher prior knowledge to
less boredom experienced in learning activities (Pekrun et al.,
2014; Putwain et al., 2017) and to more engaged concentration
in multimedia learning environments (Shute et al., 2015). In line
with Pekrun (2006), learners with relatively low initial MMA may
have perceived less control over the learning episode, leading to a
heightened experience of boredom.

Self-reported enjoyment was modeled to predict post-test
MMA and self-monitoring, according to the temporal dynamics
that emerged from the panel model analyses. Nevertheless,
contrary to our hypothesis, enjoyment showed no significant
relation to any of the two variables. Consistent with the low
number of significant paths found between enjoyment and
self-monitoring in the panel model, this result backs the notion
that the relation was generally weak in the present study (see
“Relations and Temporal Dynamics Between Learning-Centered
Emotions and Self-Monitoring” section). Considering previous
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results regarding the relationship between positive emotions and
mental model development (Bless, 2000), the present finding
seems contradictory. However, Linnenbrink and Pintrich (2004)
similarly find no evidence of an effect of positive emotions on
mental model development. In addition, previous studies found
that enjoyment experienced during single sessions of multimedia
learning did not influence learning outcomes (Forsyth et al.,
2015; Iten and Petko, 2016). Yet, it could still be that enjoyment
experienced in multimedia learning environments affects mental
model development “in the long run,” by stimulating learners to
repeatedly engage in the learning episode (Garris et al., 2002).

The negative effect of self-reported boredom on post-test
MMA, beyond the effect of pre-test MMA, is in line with
our hypothesis and with previous research (e.g., Craig et al.,
2004; Pekrun et al., 2014; Sabourin and Lester, 2014; Putwain
et al., 2017). However, the path between boredom and
self-monitoring was not significant in the aggregate model.
Therefore, self-reported boredom may have predicted post-test
MMA more strongly via other factors, such as low intrinsic
motivation (see Pekrun et al., 2010). Moreover, boredom may
have affected qualitative rather than quantitative aspects of
self-monitoring, such as by reducing the quality of concentration
(Hamilton et al., 1984). It has to be noted that boredom exerted
its negative effect on mental model development, despite being
experienced at relatively low levels in the present study (see
“Relations and Temporal Dynamics Between Learning-Centered
Emotions and Self-Monitoring” section). Thus, the present
finding highlights the particularly grave effect of boredom on
multimedia learning (see Baker et al., 2010).

In contrast to boredom, self-reported frustration during the
learning episode also predicted self-monitoring at the aggregate
level. Yet, unlike boredom and contrary to our hypothesis,
frustration did not directly predict post-test MMA. It is
possible that frustration had an additional positive effect which
compensated for the lack of self-monitoring as an effective way
to increase MMA. Thus, frustrated learners may have disengaged
from self-monitoring and instead invested more effort into other
beneficial processes or strategies, such as critical thinking or
elaboration (see Pekrun et al., 2017). Evidence of such a beneficial
role played by frustration in multimedia learning comes from
Shute et al. (2015), who showed that frustration led to higher
in-game performance in a physics game. However, similar to
the present study, there was no significant effect of frustration
on learning outcomes (Shute et al., 2015). Together with the
present findings, this may point to a twofold role of frustration
in multimedia learning, with detrimental and beneficial effects
partly canceling each other out.

Finally, self-monitoring emerged as a significant positive
predictor for post-test MMA over and above the effect of
pre-test MMA, which conforms to our hypothesis. In addition,
this finding provides further support for the crucial role of
self-monitoring for mental model development in multimedia
learning (see also Greene and Azevedo, 2009; Roscoe et al.,
2013; Riemer and Schrader, 2016a). In the context of the present
study, learners who spent more time viewing information about
their progress may have successfully detected and resolved
cognitive conflicts which emerged during the learning episode.

Consequently, they achieved a deeper understanding about
the relations between domain concepts of practical money
skills, resulting in more accurate mental models after the
learning episode.

Limitations
The present study has several limitations. First, a limitation
can be seen in the absence of a significant increase in MMA,
for which there are several possible reasons. In relation to
the results of this study, one reason may be that learners
were generally engaged in low degrees of self-monitoring as
an important predictor for post-test MMA. More specifically,
learners spent only an average of 5% of the time while on
the decision and reflection phases viewing self-monitoring.
Likewise, in previous studies on multimedia learning, authors
also noted that learners might have been insufficiently engaged
in self-monitoring and, thus, failed to show an increase in
MMA (Roscoe et al., 2013; Riemer and Schrader, 2016a).
A further reason for the non-significant increase in MMA
may be that learners were not sufficiently motivated to learn
because the objective of Cure Runners was not part of the
institution’s curriculum. However, we argue that the topic
(i.e., practical money skills) was of relevance to the learners
since university students usually have limited time resources to
generate income and, thus, rely on shrewd money management
(see also Gerrans and Heaney, 2016). Nevertheless, future studies
should aim to investigate the role of learner-state variables
in multimedia learning environments when embedded into a
course curriculum in order to replicate the results found in
the present study.

A second limitation concerns the selection and measurement
of the emotions experienced during the learning episode.
Enjoyment, boredom and frustration have been chosen because
of their relevance as activity-related learning-centered emotions
(see Pekrun, 2006). However, additional epistemic emotions and
affective-cognitive states, such as curiosity or confusion (e.g.,
D’Mello and Graesser, 2012; Pekrun et al., 2017), will need
to be considered in future studies. Furthermore, the repeated
collection of self-reports of emotions can be criticized, since
this could have interrupted the learning experience (Pagulayan
et al., 2003). Moreover, repeated self-reports of emotions may
distort the effects of emotions on cognitive and metacognitive
processes (Spering et al., 2005). Therefore, future studies should
seek to apply objective and less invasive measures of emotions, for
example, by using input devices (e.g., Miller and Mandryk, 2016)
or recording facial or bodily expression features (e.g., Wiklund
et al., 2015; Riemer et al., 2017).

Thirdly, the measure of self-monitoring was purely
quantitative, in that only a weighted measure of time spent
on specific game screens was used. Therefore, it did not
provide information about how this time was actually being
used by learners. As indicated above, this may have been
a reason for the relatively weak relation found between
self-monitoring and self-reported boredom. Although this
measure provided non-invasive insights into a relevant
learner-state variable, future studies should seek to identify
assessments of in-game self-monitoring which are more
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refined, for example, by capturing self-monitoring accuracy (see
de Bruin and van Gog, 2012).

Finally, the present research design was chosen over an
experimental manipulation for the benefit of a comprehensive
investigation into the temporal dynamics between the three
discrete emotions and self-monitoring in a naturalistic setting.
Consequently, the results only provide limited support for
causal effects (see Selig and Little, 2012). Moreover, the
interrelations between emotions and self-monitoring over time
were investigated in three separate panel models, in order to
achieve converging and interpretable path models. However,
no effects of interrelated emotions (i.e., mixed emotions) could
be detected with this approach. In addition, the aggregation
of variables in the second step of our analytical approach
may have yielded a decrease in statistical power (see Bakdash
and Marusich, 2017). Nevertheless, the present findings point
to effects that go beyond mere associational relations, given
the temporal precedence of the variables in the panel models.
Thus, this study may aid future experimental research focusing
on causal effects between learning-centered emotions and
metacognitive self-monitoring.

CONCLUSION

The present study highlights the crucial role of learning-centered
emotions in multimedia learning. In particular, negative
emotions, such as boredom and frustration, appear to hinder
cognitive and metacognitive processes relevant for mental model
development. In addition, the findings stress the importance of
engaging in metacognitive self-monitoring during multimedia
learning in order to develop accurate mental models. Moreover,
it could be shown that positive and negative emotions interrelate
with self-monitoring in different ways. The findings from this
study can aid researchers in making more accurate predictions
about the effects of learning-centered emotions in future studies.
As for practical implications, findings from the present study can
support the development of more efficient multimedia learning
environments which can adapt to learners’ states. In particular,
our results imply that negative emotions, such as frustration,
may not need to be reduced as soon as they are detected
(e.g., by reducing the task difficulty). Conversely, frustration
should neither go unattended, given the negative impact it may
have during the later stages of the learning episode. Moreover,
the lack of a direct impact of frustration on mental model
development leaves room for possible compensating effects to
be investigated. In refining the measurement of emotions during

multimedia learning, it may be possible to detect the thresholds
for detrimental and beneficial levels of frustration.
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Supplementary Material 

1 Supplementary Tables 

Table S1 Beta Coefficients with Bootstrap Confidence Intervals for Paths Between Single 
Measurement Occasions of Enjoyment and Self-Monitoring 

Autoregressive Paths β 95 % Bootstrap CI Cross Paths β 95 % Bootstrap CI 

En BL → En T1 .55*** [.412; .691] En BL → S-m S1 -.03 [-.252; .203] 

En T1 → En T2 .51*** [.324; .663] En T1 → S-m S2 -.16 [-.385; .075] 

En T2 → En T3 .66*** [.482; .801] En T2 → S-m S3 .15 [-.011; .304] 

En T3 → En T4 .67*** [.516; .789] En T3 → S-m S4 .13 [-.104; .345] 

En T4 → En T5 .48*** [.255; .668] En T4 → S-m S5 .15 [-.066; .368] 

S-m S1 → S-m S2 .29** [.115; .467] S-m S1 → En T1 .07 [-.121; .264] 

S-m S2 → S-m S3 .22* [.033; .393] S-m S2 → En T2 .22* [.045; .373] 

S-m S3 → S-m S4 .28** [.091; .510] S-m S3 → En T3 .08 [-.088; .243] 

S-m S4 → S-m S5 -.01 [-.227; .236] S-m S4 → En T4 .11 [-.010; .243] 

S-m S5 → En T5 -.15 [-.335; .037] 

Note. En = enjoyment. S-m = self-monitoring. BL = baseline measurement. T1 to T5 = five measurement occasions 

during playing Cure Runners. S1 to S5 = five sections of Cure Runners. n = 88. * p < .05. ** p < .01. *** p < .001. 
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Supplementary Material 

Table S2 

Beta Coefficients with Bootstrap Confidence Intervals for Paths Between Single Measurement 
Occasions of Boredom and Self-Monitoring 

Autoregressive Paths β 95 % Bootstrap CI Cross Paths β 95 % Bootstrap CI 

Bo BL → Bo T1 .57*** [.380; .725] Bo BL → S-m S1 .06 [-.172; .299] 

Bo T1 → Bo T2 .66*** [.481; .809] Bo T1 → S-m S2 -.01 [-.250; .225] 

Bo T2 → Bo T3 .65*** [.426; .839] Bo T2 → S-m S3 -.07 [-.276; .150] 

Bo T3 → Bo T4 .79*** [.656; .888] Bo T3 → S-m S4 -.19* [-.328; -.031] 

Bo T4 → Bo T5 .72*** [.537; .850] Bo T4 → S-m S5 .13 [-.023; .301] 

S-m S1 → S-m S2 .28** [.102; .451] S-m S1 → Bo T1 -.09 [-.236; .065] 

S-m S2 → S-m S3 .23* [.043; .416] S-m S2 → Bo T2 -.11 [-.293; .063] 

S-m S3 → S-m S4 .27** [.099; .494] S-m S3 → Bo T3 -.11 [-.227; .009] 

S-m S4 → S-m S5 .04 [-.165; .267] S-m S4 → Bo T4 .10 [-.027; .262] 

S-m S5 → Bo T5 -.04 [-.185; .141] 

Note. Bo = boredom. S-m = self-monitoring. BL = baseline measurement. T1 to T5 = five measurement occasions during 

playing Cure Runners. S1 to S5 = five sections of Cure Runners. n = 88. * p < .05. ** p < .01. *** p < .001. 
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Table S3 

Beta Coefficients with Bootstrap Confidence Intervals for Paths Between Single Measurement 
Occasions of Frustration and Self-Monitoring 

Autoregressive Paths β 95 % Bootstrap CI Cross Paths β 95 % Bootstrap CI 

Fr BL → Fr T1 .45*** [.272; .611] Fr BL → S-m S1 -.02 [-.271; .267] 

Fr T1 → Fr T2 .49*** [.311; .653] Fr T1 → S-m S2 .02 [-.189; .227] 

Fr T2 → Fr T3 .60*** [.439; .740] Fr T2 → S-m S3 -.28*** [-.430; -.131] 

Fr T3 → Fr T4 .55*** [.358; .712] Fr T3 → S-m S4 -.19 [-.394; .014] 

Fr T4 → Fr T5 .55*** [.369; .713] Fr T4 → S-m S5 .05 [-.184; .279] 

S-m S1 → S-m S2 .28** [.098; .462] S-m S1 → Fr T1 -.15 [-.325; .024] 

S-m S2 → S-m S3 .23* [.059; .391] S-m S2 → Fr T2 -.02 [-.201; .161] 

S-m S3 → S-m S4 .26* [.067; .481] S-m S3 → Fr T3 -.10 [-.245; .067] 

S-m S4 → S-m S5 .04 [-.178; .272] S-m S4 → Fr T4 -.10 [-.282; .061] 

S-m S5 → Fr T5 .06 [-.092; .218] 

Note. Fr = frustration. S-m = self-monitoring. BL = baseline measurement. T1 to T5 = five measurement occasions during 

playing Cure Runners. S1 to S5 = five sections of Cure Runners. n = 88. * p < .05. ** p < .01. *** p < .001. 
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Supplementary Material 

Table S4  

Beta Coefficients with Bootstrap Confidence Intervals for Paths between Aggregated Learner-
State Variables, Pre-, and Post-Test MMA 

Paths β 95 % Bootstrap CI 

Pre-test MMA → Post-test MMA .45*** [.267; .612] 

Pre-test MMA → Enjoyment .17 [-.011; .345] 

Pre-test MMA → Boredom -.21* [-.384; -.038] 

Pre-test MMA → Frustration -.01 [-.205; .172] 

Pre-test MMA → Self-monitoring .11 [-.077; .295] 

Enjoyment → Post-test MMA -.05 [-.215; .108] 

Boredom → Post-test MMA -.17* [-.326; -.021] 

Boredom → Self-monitoring -.05 [-.243; .134] 

Frustration → Post-test MMA .04 [-.135; .225] 

Frustration → Self-monitoring -.21* [-.374; -.030] 

Self-monitoring → Post-test MMA .17* [.005; .323] 

Self-monitoring → Enjoyment .07 [-.118; .235] 

Note. MMA = mental model accuracy. n = 108. * p < .05. ** p < .01. *** p < .001. 
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Chapter 4 

Study 3: Identifying Features of Bodily Expression as Indicators of Emotional 

Experience During Multimedia Learning 

The first two studies presented in Chapters 2 and 3 have demonstrated that cognitive-

behavioural engagement in terms of self-monitoring and learning-centred emotions plays a key 

role in complex cognitive skill acquisition through serious games. In particular, the findings of 

the second study (presented in Chapter 3) indicate that learning-centred emotions affect 

complex cognitive skill acquisition directly as well as indirectly via self-monitoring. However, 

complex interrelations found between emotions and self-monitoring also highlight the need to 

capture the dynamic nature of emotions more adequately. This need was addressed in the third 

study of this thesis, presented in this chapter. 

The main benefit of this study lies in advancing the methodological toolkit for continuously 

assessing emotional experience during learning with serious games. Thus, this study can 

contribute to overcoming the limitations of self-reports during learning (see also Chapter 1). In 

particular, the potential of bodily expression to be used for inferring learning-centred emotions 

during learning with a serious game was tested. More specifically, efforts were made to identify 

features of bodily expression (i.e., posture and upper-body/head activity) that relate to self-

reported enjoyment, boredom and frustration. An objective, non-intrusive and continuous 

online assessment of learning-centred emotions, therefore, needed to be established, based on 

learners’ emotional experience during learning.  

The contribution of this study in relation to this thesis is illustrated in Figure 4. 
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Figure 4. Overview of themes addressed in the study by Riemer et al. (2017) in relation to this thesis 

The study was published in Frontiers in Psychology under terms of Creative Commons 

Attribution License CC-BY 4.0 (https://creativecommons.org/licenses/by/4.0/) with the 

following citation: 

Riemer, V., Frommel, J., Layher, G., Neumann, H., & Schrader, C. (2017). Identifying features 

of bodily expression as indicators of emotional experience during multimedia learning. 

Frontiers in Psychology, 8. https://doi.org/10.3389/fpsyg.2017.01303 
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Identifying Features of Bodily
Expression As Indicators of
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Multimedia Learning
Valentin Riemer1*, Julian Frommel2, Georg Layher3, Heiko Neumann3 and
Claudia Schrader1

1 Institute of Psychology and Education, Ulm University, Ulm, Germany, 2 Institute of Media Informatics, Ulm University, Ulm,
Germany, 3 Institute of Neural Information Processing, Ulm University, Ulm, Germany

The importance of emotions experienced by learners during their interaction with
multimedia learning systems, such as serious games, underscores the need to identify
sources of information that allow the recognition of learners’ emotional experience
without interrupting the learning process. Bodily expression is gaining in attention as
one of these sources of information. However, to date, the question of how bodily
expression can convey different emotions has largely been addressed in research
relying on acted emotion displays. Following a more contextualized approach, the
present study aims to identify features of bodily expression (i.e., posture and activity
of the upper body and the head) that relate to genuine emotional experience during
interaction with a serious game. In a multimethod approach, 70 undergraduates played
a serious game relating to financial education while their bodily expression was captured
using an off-the-shelf depth-image sensor (Microsoft Kinect). In addition, self-reports
of experienced enjoyment, boredom, and frustration were collected repeatedly during
gameplay, to address the dynamic changes in emotions occurring in educational tasks.
Results showed that, firstly, the intensities of all emotions indeed changed significantly
over the course of the game. Secondly, by using generalized estimating equations,
distinct features of bodily expression could be identified as significant indicators for
each emotion under investigation. A participant keeping their head more turned to the
right was positively related to frustration being experienced, whereas keeping their head
more turned to the left was positively related to enjoyment. Furthermore, having their
upper body positioned more closely to the gaming screen was also positively related to
frustration. Finally, increased activity of a participant’s head emerged as a significant
indicator of boredom being experienced. These results confirm the value of bodily
expression as an indicator of emotional experience in multimedia learning systems.
Furthermore, the findings may guide developers of emotion recognition procedures by
focusing on the identified features of bodily expression.

Keywords: emotion recognition, body posture, body movement, serious games, multimedia learning, game play,
generalized estimating equations
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INTRODUCTION

In recent years, there has been a growing interest in addressing
learners’ emotions during learning with various multimedia
learning systems, such as intelligent learning environments,
animations, simulations, or serious games, in order to optimize
the learning quality (see D’Mello, 2013, for an overview). In
this context, “emotions” can be broadly defined as relatively
short affective episodes (Rosenberg, 1998) that are initiated by
appraisals of particular situations, followed by specific responses
(Mauss and Robinson, 2009). The emotional responses involve
subjective feelings, physiological changes, and behavior (e.g.,
Ekman and Friesen, 1967; Wallbott and Scherer, 1986; Frijda,
1988; Scherer, 2005; Larsen et al., 2010).

This recent interest in emotions has been stimulated not
only by the realization that diverse design aspects of multimedia
learning systems trigger a broad variety of emotions (e.g., Kapoor
et al., 2001; Mota and Picard, 2003; Azevedo and Strain, 2011;
D’Mello and Graesser, 2012a), but also that learners’ emotional
experiences influence learning and its predictors. It is known,
for example, that positive emotions such as enjoyment can
induce intrinsic motivation (e.g., Pekrun et al., 2002, 2004, 2010).
Further, they preserve cognitive resources, direct the attention,
and facilitate the application of metacognitive strategies (e.g.,
Pekrun et al., 2002, 2004, 2010; Meinhardt and Pekrun, 2003).
Moreover, positive emotions expedite creative problem solving
and more flexible thinking (see Isen, 2001). In contrast, negative
emotions such as boredom and frustration–at least in a prolonged
manner–might impede learning through diminishing motivation
and deep information processing as well as cognitive engagement
(e.g., Meinhardt and Pekrun, 2003; Linnenbrink and Pintrich,
2004; Pekrun et al., 2010).

Thus, acknowledging learners’ emotional experience during
learning with multimedia learning systems can provide designers
with useful feedback that enables an optimization of the
interaction between a system and the learners in order to
improve learning. As a prerequisite for such an enhancement,
emotions experienced by learners need to be documented
continuously without interruption of the learning process. To
achieve this, previous approaches have sought to recognize
emotions from physiological changes and behavior, rather than
by using subjective ratings. Examples include the assessments of
heart rate and heart rate variability (e.g., Cowley et al., 2013),
electrical brain activity (e.g., Heraz and Frasson, 2007), skin
conductance (e.g., Picard, 1998), and facial expression (e.g.,
Kapoor et al., 2007; Azevedo and Strain, 2011; Wiklund et al.,
2015). However, the present study focuses on another behavior
variable that has not, to date, been studied extensively as a source
for emotion recognition in multimedia learning systems: bodily
expression. Although precise definitions vary, “bodily expression”
is generally identified as a variety of posture and activity features
of single body parts, such as the arms, the upper body, or the head,
as well as of the whole body (e.g., Wallbott, 1998).

The social function of bodily expression is seen to be in
communicating emotions to others (Ekman and Friesen, 1967;
Darwin, 1872; Wallbott and Scherer, 1986; Frijda, 1988; Scherer,
2001; De Gelder, 2006). More specifically, bodily expression is

thought to provide information about an individual’s inclination
to engage in a particular action, such as a tendency to approach
or withdraw from a situation (Frijda, 1988; Scherer, 2001; De
Gelder, 2006). The links between bodily expression, emotions,
and action tendency are also implied by studies investigating the
role of cerebral asymmetry in emotion expression (e.g., Davidson
et al., 1990; Davidson, 1992; Schiff and Bassel, 1996). The left
cerebral hemisphere processes approach-related emotions such
as happiness (Davidson et al., 1990), and also is related to
approach-oriented bodily expressions (Schiff and Bassel, 1996),
which include, for example, an expanded body posture or
stretched arms (Frijda, 1988; Scherer, 2001). In contrast, the
right cerebral hemisphere processes emotions that involve a
withdrawal tendency, such as sadness (Davidson et al., 1990),
and is associated with withdrawal-oriented bodily expressions
(Schiff and Bassel, 1996). Examples of withdrawal-oriented bodily
expressions include turning the head or slumping the body
(Frijda, 1988; Scherer, 2001).

Questions of whether and which specific features of bodily
expression actually drive the recognition of emotions has been
investigated in the fields of human emotion perception (e.g., de
Meijer, 1989; Wallbott, 1998; Roether et al., 2009; Gross et al.,
2010; Dael et al., 2012) and affective computing (e.g., Castellano
et al., 2007; Glowinski et al., 2011; Kleinsmith et al., 2011; Gunes
et al., 2015). A widely applied research approach is to instruct
actors to display several specific emotions in a standing position
(e.g., de Meijer, 1989; Wallbott, 1998; Castellano et al., 2007;
Gross et al., 2010; Dael et al., 2012), while sitting at a desk (e.g.,
Gunes et al., 2015), or while walking (Roether et al., 2009). The
identification of specific features is either done by using human
observers (e.g., Wallbott, 1998; Dael et al., 2012; Gunes et al.,
2015) or with a computerized recognition system (e.g., Castellano
et al., 2007). Joy and happiness, for example, have been found
to be connected with the openness of the whole body, such as
an extended upper-body posture (Gunes et al., 2015), laterally
stretched and opened arms (de Meijer, 1989; Gunes et al., 2015),
and an upward bent head (Wallbott, 1998; Dael et al., 2012). In
contrast, a slumped posture of the upper body, closed arms, or
keeping the arms at the sides of the body are associated with
negative emotions, such as fear, sadness, anger, or anxiety (de
Meijer, 1989; Wallbott, 1998; Gunes and Piccardi, 2005; Gunes
et al., 2015). Further, Dael et al. (2012) found that moving the
whole body forward was used by actors to communicate anger.
In contrast, moving backward was associated with fear in a study
by de Meijer (1989), and increased shifts in any direction were
associated with boredom in Gunes et al. (2015).

As it is argued that the relationship between bodily expression
and emotions can vary depending on the situational context
(Kleinsmith and Bianchi-Berthouze, 2013), another line of
research has investigated how bodily expression relates to
genuine emotional experience in actual situations. In the
context of multimedia systems, the main focus of the present
study, only a few researchers have attempted to investigate the
relation between bodily expression and emotional experience in
multimedia learning systems (e.g., Mota and Picard, 2003; Woolf
et al., 2009; Grafsgaard et al., 2012) and while gaming (e.g.,
van den Hoogen et al., 2008; Kleinsmith et al., 2011; Witchel
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et al., 2016). In a study by Grafsgaard et al. (2012), for example,
posture and activity features of the upper body and the head
were recorded with a depth-image sensor while participants were
engaged in a computer-mediated tutoring lesson. Additionally,
self-reports of experienced frustration were collected at the
end of each lesson. The authors reported that an upper-body
posture that was positioned closer toward the computer screen
was related to self-reported frustration. Moreover, an increased
overall activity of the body (i.e., upper body and head) was also
associated with frustration.

The relationship between upper body activity and emotional
experience has also been investigated by van den Hoogen et al.
(2008), who asked their participants to play a first-person shooter
game at a desktop computer. In addition, the participants
provided retrospective self-reports not only about their level
of frustration, but about the broader range of emotions they
had experienced during the game. In line with the findings of
Grafsgaard et al. (2012), a positive correlation between frustration
and upper body activity was found. In contrast, though, these
results showed that enjoyment but also boredom co-occurred
with decreased amounts of upper body activity. Regarding
head posture and activity, Woolf et al. (2009) analyzed bodily
expression and emotion indicators (i.e., valence and arousal) of
students using a tutoring software. The authors reported that
keeping the head straight was associated with positive valence
and lower arousal, whereas turning the head to the side was
related to negative valence and higher arousal. In addition, a
high amount of head activity was related to negative valence and
high arousal. The latter result supports findings relating increased
activity to frustration (van den Hoogen et al., 2008; Grafsgaard
et al., 2012), an emotion of negative valence and high arousal.
A more detailed view of the role of head activity is presented
in a study undertaken by Witchel et al. (2016). Comparing the
quantity of head movements in differently engaging interactive
tasks (i.e., a “boring” reading task vs. an “interesting” reading
task vs. playing a shooting game on a desktop computer), the
authors found that the participants showed the highest amount
of head activity during the boring reading task. This result
appears to parallel the findings of Gunes et al. (2015), who
reported that increased upper body activity was associated with
boredom.

All of the reported results point to the potential of bodily
expression for emotion recognition in multimedia learning
systems. However, given the limited number of studies addressing
genuine emotional experience, its relationship with specific
features of bodily expression is far from understood. Hence, in
the next section, the contribution of the present study to this
particular area of knowledge is delineated.

The Present Study
Although promising, the results of existing studies on the
relationship between bodily expression and genuine emotional
experience underscore the need for additional research. Prior
reported results are scattered over a few studies that either have
used observer ratings to infer emotional experience of individuals
(Woolf et al., 2009; Kleinsmith et al., 2011) or assessed emotional
experience at single instances in retrospect (van den Hoogen

et al., 2008; Grafsgaard et al., 2012). While the former approach
makes it difficult to draw conclusions about genuine emotional
experience, the latter impedes the consideration of dynamic
changes during educational tasks (see D’Mello and Graesser,
2012b). However, previous research has indicated that different
emotions show different patterns of change during interaction
with a multimedia learning system, and that these patterns
of change (and persistence) have distinct impacts on learning
(D’Mello and Graesser, 2011, 2012b).

Accordingly, the present study first aims to detect significant
changes in emotional experience as well as bodily expression over
the course of learning with a multimedia learning system. Based
on these data, the second and major aim of this study is to identify
features of body posture and body activity that relate to genuine
emotional experience, and thereby provide a basis from which
to continuously recognize emotions. Thus, the study’s research
questions concern (a) whether and how emotions and bodily
expression change over the time of learning in a multimedia
learning system (i.e., a serious game), and (b) whether and
which specific posture and activity features are related to single
emotions relevant for learning–namely, enjoyment, boredom,
and frustration.

To answer these research questions, a serious game that
aimed to enhance the practical money skills of individuals was
chosen for use in the present study. The gameplay context was
applied because serious games provide interactive and engaging
learning experiences that can elicit a wide range of emotions,
such as enjoyment, boredom, and frustration, to varying degrees
(Garris et al., 2002; D’Mello, 2013). In general, enjoyment in
games is connected to design features pertaining to challenge,
competition, companionship, exploration, fantasy, and fidelity
(Quick et al., 2012). For example, players experience enjoyment
when their skills match the game’s challenge as determined by the
difficulty level (van Lankveld et al., 2010), when they compete
against others (Plass et al., 2013), and when they cooperate
with others during gameplay (Plass et al., 2013). Conversely,
boredom in games usually occurs when the players’ skills exceed
the difficulty of a game (van Lankveld et al., 2010), which results
in an exaggerated amount of perceived control (Schrader and
Nett, submitted). In addition, boredom can arise in games that
require little action from the players (Vorderer et al., 2003).
Finally, frustration occurs when the players lack the skills or
knowledge to overcome a challenging or competitive situation
(Gilleade and Dix, 2004; van Lankveld et al., 2010). Moreover,
frustration can also result from a lack in the game’s usability,
such as a delayed or no response from the game’s input device
(Miller and Mandryk, 2016).

Therefore, to address dynamic changes in emotions during
learning with the game, emotional experience was assessed via
self-reports at multiple occasions throughout the gaming task.
To detect bodily expression, an off-the-shelf depth-image sensor
(i.e., Microsoft Kinect for Windows v2) was used, which allowed
non-invasive and continuous data collection. Previous research
in clinical contexts has shown that Kinect provides reliable and
accurate measures of body posture and activity (e.g., Galna et al.,
2014; Mobini et al., 2015). For the present setting, only posture
and activity features of the upper body and the head were
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FIGURE 1 | Example screenshots of Cure Runners: (A) mission, (B) decision and reflection phase.

FIGURE 2 | Kinect coordinates: (A) body joint positions in relation to the coordinate system of the Kinect; (B) head rotation around the axes of the coordinate
system of the Kinect.

considered. This was because the participants had to operate the
mouse and keyboard during gameplay, and, therefore, their arms
generally exhibited instrumental movements and postures related
to controlling the game rather than to emotional experience (see
also Witchel et al., 2016).

By taking a comprehensive approach including a diverse set
of emotions as well as features of bodily expression, this study
will add to the understanding of the relationship between bodily
expression and genuine emotional experience. Moreover, the
findings will help developers to focus on the most relevant
features of bodily expression as sources for emotion recognition
procedures.

MATERIALS AND METHODS

Participants
The sample consisted of 70 right-handed undergraduate students
(46 female and 24 male) with a mean age of 22.29 years
(SD = 2.84). The participants were students in the disciplines
of psychology (57.10%), science, technology, engineering,

and mathematics (32.80%), medicine (4.30%), and economics
(5.80%). All students were enrolled at a German university and
were recruited via e-mail invitations and notes posted on campus.
For compensation, students could choose to receive either course
credit or a payment of 15 euros. This study was carried out in
accordance with the recommendations of the ethical committee
of Ulm University with written informed consent from all
subjects. The participants gave their written informed consent in
accordance with the Declaration of Helsinki and with the ethical
committee of the authors’ institution.

Stimulus
The platform game Cure Runners (Three Coins, 2013) was used
in this study. The game aims to enhance the practical money
skills of juveniles and young adults. It consists of five game
sections, each comprising several missions, and decision and
reflection phases (see Figure 1). The missions are the actual
platform levels that need to be accomplished in order to progress
from one game section to the next and, ultimately, finish the
game. In the missions, the player has to guide an avatar over the
platforms and overcome obstacles. Additionally, the player has
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FIGURE 3 | Experimental setup: (A) profile view showing the position of the participants in relation to the gaming screen and the Kinect device; (B) top view showing
the position of the participants in relation to the experimenter.

to collect a number of specific mission items (e.g., boxes with
supply goods) in order to accomplish the missions. The challenge
for the player is to reach the end of a mission level within a
certain amount of time and without letting the avatar fall from
platforms. Upon accomplishing the missions, the player earns
“Cure,” the game’s currency. The cure can be spent in the decision
and reflection phases, which are the game’s phases between the
missions. During these phases, the player can monitor his or her
current financial state by viewing specific statistics and balance
sheet screens. The player also has to decide whether to spend
the earned cure on basic needs (e.g., housing and nourishment),
gameplay aids (e.g., additional time for mission sequences), or
on items without any function in the game (e.g., alternative
equipment styles). Additionally, the player can choose between
different payment arrangements (e.g., paying immediately, on
credit, or by installment) and has to deal with the consequences
of his or her decisions (e.g., becoming overindebted).

Instruments
Self-Reports of Emotional Experience
To collect self-reports of emotional experience during playing
Cure Runners, on-screen questionnaires were administered to
each participant after each of the game’s five sections. Each
time, participants had to indicate the extent to which they
had experienced enjoyment, boredom, and frustration during the
previous game section on a seven-point Likert scale ranging from
1 (very little) to 7 (very strong).

Depth-Image Data of Bodily Expression
To collect the features of bodily expression during gameplay,
Microsoft Kinect for Windows v2 (Kinect) was used. The system
comprises a 1080p color camera and a 512 × 424 pixel time-of-
flight light-independent depth image sensor.

In addition, the Kinect for Windows Software Development
Kit 2.0 (Microsoft, 2014) was used to interface with the Kinect
sensor and its skeletal tracking software, which generates frames
of data at a frequency of approximately 30 Hz. Furthermore,

an application that stored data on the hard drive whenever the
Software Development Kit provided new data was developed
and implemented. Using this application, two kinds of data were
logged that were of interest for this study: (1) the position of
one skeletal joint representing the upper body (i.e., the spine at
shoulder height) and (2) the rotation of the head.

For the upper body joint, the lateral (left–right, x-coordinate),
vertical (up–down, y-coordinate), and horizontal (forward–
backward, z-coordinate) positions were stored in relation to
the sensor’s camera space (see Figure 2A). For the head
rotation, the pitch (raised–lowered, x-coordinate), yaw (turned
to the left–right, y-coordinate), and roll (tilted to the left–right,
z-coordinate) were logged (see Figure 2B).

Procedure
The study took place in a computer lab on campus. After a
brief introduction, the participants completed a questionnaire
that ascertained demographic information as well as additional
variables that were not the subject of the present study.
Subsequently, the participants received a short manual
containing gameplay information about Cure Runners.
Afterward, they were instructed to adopt a relaxed sitting
position and face the screen straight ahead. In order to track the
posture and activity features of the upper body as well as of the
head, the Kinect device was placed above the gaming screen,
at a distance of about 120 cm from the participants, and facing
downward at an angle of 10◦ (see Figure 3A).

Next, a baseline task was administered in order to record
the individual sitting positions. Here, the participants had to
perform a series of activities, including pressing either one of four
keys (W, A, S, or D) of the keyboard or the left mouse button
to answer on-screen prompts. The same inputs were also used
later as controls for the gameplay. The participants did not
receive any feedback on the correctness of their inputs. After
60 s, the baseline task ended and the game started immediately.
The participants played until they completed the fifth section
of Cure Runners. During the baseline task and over the course
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of the game, participants’ bodily expressions were recorded by
the Kinect device. Between the game sections, the emotion
questionnaires were administered to the participants using an
event-based Wizard-of-Oz setting. The experimenter watched
the participants’ gaming screens through a hidden webcam
connected to a laptop (see Figure 3B) and remotely started the
questionnaires whenever the participants had completed a game
section. Furthermore, whenever the participants wanted to pause
the game, they had to push an on-screen button, which called up a
“Stop” symbol screen overlay. The mean duration of the complete
procedure was 86.12 min (SD = 15.75). Upon completion, the
participants were debriefed and received their compensation of
choice.

Data Processing
In order to differentiate the baseline task, the five game
sections, the on-screen questionnaires, and possible game
pauses, the gaming sessions were screen-captured by using
OBS Multiplatform (Open Broadcaster Software, 2015). Based
on the screen recordings, specific events were identified that
indicated the on- and offsets of relevant (i.e., the baseline
task and each of the five game sections) and non-relevant

TABLE 1 | Descriptions of bodily expression features and meanings of
correspondent coordinate values.

Bodily expression feature Meaning of coordinate values

Upper-Body Posture X Keeping the upper body displaced to the left
(negative values) or to the right (positive values)
compared to the baseline position when facing
the Kinect sensor

Upper-Body Posture Z Keeping the upper body displaced closer to
(lower values) or further away from (higher
values) the Kinect sensor compared to the
baseline position

Head Posture X Keeping the head more raised (positive values)
or lowered (negative values) compared to the
baseline position

Head Posture Y Keeping the head more turned to the left
(positive values) or to the right (negative values)
compared to the baseline position

Head Posture Z Keeping the head more tilted to the left
shoulder (positive values) or to the right
shoulder (negative values) compared to the
baseline position

Upper-Body Activity X Lower vs. higher total amount of upper body
movement to the left and right compared to the
baseline activity when facing the Kinect sensor

Upper-Body Activity Z Lower vs. higher total amount of upper body
movement closer to and further away from the
Kinect sensor compared to the baseline activity

Head Activity X Lower vs. higher total amount of lowering and
raising the head compared to the baseline
activity

Head Activity Y Lower vs. higher total amount of turning the
head to the left and right compared to the
baseline activity

Head Activity Z Lower vs. higher total amount of tilting the head
to the left and right shoulder compared to the
baseline activity

phases (i.e., on-screen questionnaires and game pauses) of
the gaming sessions. An offline template-matching procedure
was applied that identified the events based on predefined
characteristic image patches. After the relevant phases were
identified, data from the Kinect device and from the template-
matching procedure were synchronized, allowing the temporal
assignment of bodily expression to the particular phases of
the gaming sessions. For that purpose, Kinect data as well as
on- and offsets of the game phases were annotated with time
stamps. Based on these time stamps, both data sources were
merged using a Python script, assigning a Kinect data point
recorded between an on- and an offset to the respective game
phase. The non-relevant phases were excluded from further
processing.

Because the Kinect device was tilted (see Figure 3A), the
y- and z-axes of the upper body joint were not independent–
that is, joint displacements on the z-axis caused displacements
on the y-axis, and vice versa (see Figure 2A). However, no
relevant changes were expected to occur in the upper body joint
on the y-axis (i.e., vertical displacements), and, therefore, the
y-coordinate was excluded from further processing. In contrast
to the upper body joint, the head rotation remained unaffected
by the positioning of the Kinect device; thus, all coordinates were
included in the analyses.

The posture and activity for each coordinate were calculated as
means over the recorded frames of each of the five game sections.
For each coordinate i in each game section j, the mean posture
was calculated as:

Mean PostureCoordiSectj =

∑m
k=1(xik)

m

with x being the value of coordinate i in the kth frame of the
Kinect recording in game section j, and m being the total number
of frames in game section j.

Accordingly, the mean activity in each game section was
calculated as:

Mean ActivityCoordiSectj
=

∑m
k=1 |xik − xik−1|

m

The mean posture and activity coordinates for the baseline task
were calculated analogously to those for the game sections. In
order to correct for individual differences in the sitting positions,
the mean posture and activity for each of the five game sections
were centered at the respective coordinates obtained for the
baseline task. Thus, the final posture and activity features were
calculated as:

PostureCoordiSectj = Mean PostureCoordiSectj−

Mean PostureCoordiBaseline

ActivityCoordiSectj
= Mean ActivityCoordiSectj

−

Mean ActivityCoordiBaseline

Table 1 provides an overview over the posture and activity
features of bodily expression used in this study and the meanings
of the correspondent coordinate values.
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TABLE 2 | Means and standard deviations for self-reported emotional experience and bodily expression over the five game sections.

Game section 1a,b Game section 2c,d Game section 3e,f Game section 4g,h Game section 5i,j

Variable M (SD) M (SD) M (SD) M (SD) M (SD)

Emotions

Enjoyment 4.23 (1.28) 3.81 (1.60) 3.48 (1.61) 3.73 (1.69) 3.33 (1.69)

Boredom 1.56 (0.90) 1.67 (1.28) 1.70 (1.42) 1.72 (1.40) 1.76 (1.32)

Frustration 2.69 (1.41) 3.23 (1.73) 3.44 (1.79) 2.78 (1.77) 3.15 (1.77)

Bodily Expression Features

Upper-Body Posture X 0.67 (1.77) 0.13 (1.47) 0.03 (2.28) 0.20 (2.04) 0.31 (1.67)

Upper-Body Posture Z −0.18 (4.42) 1.34 (6.58) 1.56 (7.92) 1.55 (8.71) 1.64 (7.83)

Head Posture X 0.10 (3.22) 0.26 (4.30) −0.67 (4.90) 0.25 (5.26) 0.32 (4.66)

Head Posture Y −2.86 (3.49) −2.69 (3.29) −2.98 (4.03) −3.27 (4.12) −3.30 (4.07)

Head Posture Z −0.43 (2.32) −0.79 (2.55) −0.62 (2.52) −1.41 (2.51) −1.68 (2.57)

Upper-Body Activity X 1.10 (3.17) 0.18 (0.80) 0.56 (2.20) 0.03 (0.19) 0.12 (0.54)

Upper-Body Activity Z 0.41 (1.23) 0.04 (0.24) 0.16 (0.58) 0.02 (0.01) 0.07 (0.28)

Head Activity X 0.30 (0.69) 0.16 (0.46) 0.36 (0.92) 0.43 (0.92) 0.42 (0.76)

Head Activity Y 0.25 (0.60) 0.26 (0.72) 0.49 (0.89) 0.46 (0.92) 0.48 (0.72)

Head Activity Z 0.05 (0.35) 0.04 (0.35) 0.09 (0.48) 0.14 (0.52) 0.18 (0.33)

Values of bodily expression features were multiplied by 100 for better readability. For emotions: an = 70, cn = 70, en = 64, gn = 60, in = 55; for bodily expression
features: bn = 53, dn = 57, fn = 49, hn = 51, jn = 45.

Statistical Analysis
To answer the questions of whether and how emotions
change during learning with a serious game, self-reported
enjoyment, boredom, and frustration as well as features of
bodily expression were analyzed for within-subject differences
between the five game sections. Based on the results from
Kolmogorov–Smirnov tests for normality and the inspections of
skewness, Friedman’s analysis of variance (ANOVA) was used
for self-reported emotions and the activity features of bodily
expression. Parametric repeated measures ANOVA was only used
for the posture features of bodily expression. Because of technical
failure (e.g., dropouts in the Kinect recordings), complete data
over all game sections was only available in relation to a limited
number of participants. Thus, the sample sizes for the tests of
within-subject differences were reduced to n = 55 for emotions
and to n= 32 for features of bodily expression.

To answer the questions of whether and which specific
posture and activity features relate to the emotions, generalized
estimating equations (GEEs), as introduced by Liang and Zeger
(1986), were applied. GEEs allow regression analyses of several
time-dependent variables by accounting for the within-subject
correlation of repeatedly measured variables (Ballinger, 2004).
Thus, the value of bodily expression as an indicator for emotional
experience could be analyzed in consideration of between- as
well as within-subject variability. As already mentioned, data
on bodily expression features showed missing values in several
game sections. However, GEE can handle incomplete data when
values are missing completely at random (Ballinger, 2004), which
was confirmed through application of the test proposed by Little
(1988) [χ2

= 704.46 (727), p = 0.719]. Therefore, GEE models
could be obtained by using the full sample size of n= 70.

In GEEs, the distribution of the dependent variable (i.e., the
self-reported emotions) and the structure of the within-subject
correlations for the repeated measures of the dependent variable

must be specified. For the present study, the inverse Gaussian
distribution was specified, because the self-reported emotions
were not normally distributed but exposed positively skewed
distributions. Following a suggestion by Ballinger (2004), the
autoregressive within-subject correlation structure was specified
for all emotions, because the data represented a time-series
structure.

In order to identify the significant features of bodily expression
indicating self-reported emotions, a stepwise procedure was
applied for each emotion separately. In the first step, an
initial GEE model was established with all features of bodily
expression included as independent variables. In the next step,
the non-significant features were excluded and new GEE models
were calculated. The fits of the emerging GEE models were
compared, based on the corrected quasi-likelihood under the
independence model criterion proposed by Pan (2001). The new
GEE model was only processed further when its fit exceeded the
fit of the preceding model. This procedure was repeated until, for
each emotion, the best fitting model, which comprised a subset of
significant features of bodily expression, was identified.

RESULTS

Descriptive Statistics
Table 2 provides the descriptive statistics for self-reported
emotional experience and bodily expression for each game
section. For better readability, the raw values of the posture and
activity features were multiplied by 100.

Changes in Emotional Experience and
Bodily Expression during Gameplay
The changes in the self-reported emotions over the course of the
game are depicted in Figure 4.
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FIGURE 4 | Changes in emotional experience during playing Cure Runners.
n = 55.

FIGURE 5 | Changes in the posture features of bodily expression during
playing Cure Runners. Means multiplied by 100. n = 32.

For enjoyment, participants in general reported medium levels
and the values decreased over the course of the game, except
between game sections 3 and 4. A Friedman’s ANOVA revealed
significant differences in participants’ enjoyment between the
game sections [χ2

F(4)= 25.47, p < 0.001, n= 55].
For boredom, participants reported comparably low values

throughout the game. However, values increased over the five
game sections and showed significant differences [χ2

F(4)= 10.64,
p= 0.031, n= 55].

Finally, frustration appeared to generally increase during
participants’ playing of Cure Runners, except between game
sections 3 and 4. Self-reported frustration also differed
significantly over the five game sections [χ2

F(4) = 24.85,
p < 0.001, n= 55].

For the upper-body posture features (see Figure 5), the values
of Upper-Body Posture X are just above zero (i.e., the individual
baseline position) throughout the game. Thus, the participants in
general adopted an upper-body posture slightly displaced to the
right, compared to their individual baseline postures. In addition,

FIGURE 6 | Changes in the activity features of bodily expression during
playing Cure Runners. Means multiplied by 100. n = 32.

given the values of Upper-Body Posture Z, the participants
adopted an upper-body posture further away from the screen,
compared to their individual baseline postures, except for during
the first game section. However, no significant differences for the
means of Upper-Body Postures X and Z were found between the
five game sections.

Regarding the head posture features (see Figure 5), in most of
the game sections, the participants kept their heads more raised
than in their baseline postures, as indicated by the largely positive
values of Head Posture X. In the third game section, however,
the participants kept their head more lowered, compared to their
baseline. In addition, the participants kept their heads more
turned toward the right (negative values of Head Posture Y),
and more tilted toward their right shoulder (negative values of
Head Posture Z), compared to their respective baseline head
postures. The turning and tilting of the head to the right appeared
to increase over the course of the game. Repeated measures
ANOVAs further revealed significant differences between the
game sections for Head Posture Y [V = 0.41, F(4,28) = 4.84,
p = 0.004, η2

p = 0.41] and Head Posture Z [V = 0.38,
F(4,28)= 4.20, p= 0.009, η2

p = 0.38].
For the activity features of the upper body and the head (see

Figure 6), the positive values indicate that participants generally
exhibited more activity while playing Cure Runners than during
the baseline task. In addition, upper body activity appeared to
decrease while head activity seemed to increase over the course
of the game. However, no significant differences between the five
game sections were found for any of the activity features.

Indicators of Bodily Expression for
Emotional Experience
As reported in Section “Changes in Emotional Experience and
Bodily Expression during Gameplay,” the means of the self-
reported emotions across all participants varied significantly
between the game sections. To control for possible effects of
measurement wave on emotions, the game sections were included
as an additional independent variable in the initial GEE models.
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The parameter estimates of the final GEE models are given in
Table 3 for each self-reported emotion separately. In order to
assess the relative strengths of the parameter estimates, the scales
for each variable were transformed to range from 0 to 1 by
using the proportion of maximum scaling method (Little, 2013;
Moeller, 2015).

Enjoyment
The effect of game sections on self-reported enjoyment across
participants (see Changes in Emotional Experience and Bodily
Expression during Gameplay) is also reflected in the final GEE
model. As the negative sign of B indicates, enjoyment decreased
over the course of the game. However, the y-coordinate of the
head posture emerged as the strongest indicator for self-reported
enjoyment. The positive sign of B indicates that, the more
participants kept their heads turned toward the left (in relation to
their individual baseline postures), the higher their self-reported
enjoyment was while playing Cure Runners. In addition, as the
negative B for the z-coordinate shows, keeping the head more
tilted toward the right shoulder (in relation to the baseline) also
indicated higher experience of enjoyment. However, this feature
was only marginally significant.

Boredom
In the final GEE model, the activity of the head around the z-axis
emerged as the only significant feature indicating self-reported
boredom during gameplay. The more participants exhibited
tilting movements of the head (relative to their baseline activity),
the more they reported being bored during gameplay, compared
to participants who showed fewer head tilting movements.

Frustration
The posture of the head rotated around the y-axis emerged as
the strongest indicator for frustration experienced during playing
Cure Runners. The negative value of B in Table 3 indicates that,
the more participants kept their heads turned toward the right
(in relation to their individual baseline postures), the higher their
self-reported frustration was. Additionally, the posture of the
upper body along the z-axis was also a significant indicator of
frustration. Relative to the baseline, the closer the individuals

TABLE 3 | Estimates of game section and bodily expression features indicating
self-reported emotional experience.

Emotion Independent variable B SE B χ2(1) p

Enjoyment

Game Section −1.05 0.25 17.46 <0.001

Head Posture Y 1.82 0.89 4.13 0.042

Head Posture Z −1.75 1.00 3.09 0.079

Boredom

Head Activity Z 1.18 0.41 8.26 0.004

Frustration

Upper-Body Posture Z −1.02 0.51 4.10 0.043

Head Posture Y −3.28 0.70 21.70 <0.001

Variables were transformed to scales ranging from 0 to 1 prior to the analyses.

kept their upper bodies toward the game screen, the higher their
self-reported frustration.

DISCUSSION

The present study set out to investigate the changes in and the
relationship between bodily expression and genuine emotional
experience during learning with a serious game. Accordingly,
the dynamic changes in emotional experience over the course
of gameplay were addressed by using repeated self-reports of
emotions. Furthermore, bodily expression during gameplay was
recorded and specific features of bodily expression that are most
relevant as indicators of distinct emotions were identified.

In respect of the first research question regarding changes in
emotions over the course of playing Cure Runners, self-reported
emotional experience varied significantly throughout the game
(see Figure 4). Specifically, enjoyment generally decreased over
time, whereas frustration generally increased. An explanation
for this may be that the majority of the participants found
the game hard to play, as recorded in verbal comments after
the gaming sessions. Therefore, they may have experienced a
discrepancy between their gaming skills and the challenge of the
game, which caused their experience of frustration to increase
(see Gilleade and Dix, 2004). Boredom was experienced only to
a small degree, as indicated by the mean scores (see Table 2).
However, it increased significantly over time, which may have
been a consequence of the prolonged experience of frustration
(D’Mello and Graesser, 2012b).

In contrast to the self-reported emotions, significant changes
in bodily expression over the course of serious gaming were
found only for 2 out of 10 features; namely, the postures of
keeping the head turned and tilted. Most noticeably, throughout
the game, an increase in keeping the head turned to the right,
compared to participants’ individual baseline positions, was
found (see Figure 5). Together with the changes in enjoyment
and frustration (see Figure 4), this result already points to a link
between head turning and emotional experience.

Concerning the second research question regarding the
relationship between specific features of bodily expression and
emotional experience, posture and activity features of the
upper body and the head were shown to indicate self-reported
emotional experience during the playing of a serious game.
Moreover, different emotions were either indicated by different
features or, in the case of enjoyment and frustration, shared a
feature with different signs. More specifically, adopting a posture
of the upper body positioned more closely to the gaming screen
(i.e., Upper-Body Posture Z) indicated self-reported frustration.
This result is in line with the finding of Grafsgaard et al.
(2012), who reported the same relation between upper-body
posture and frustration. Given that the participants were sitting
at a desk, the adoption of a position closer to the screen may
have indicated a slumped body posture (i.e., leaning on the
desk; see also Witchel et al., 2016). Such a posture has been
considered to communicate withdrawal-related emotions (Frijda,
1988; Wallbott, 1998), and frustration can be accompanied
by withdrawal when individuals are unable to cope with the
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frustrating event (Harmon-Jones et al., 2003). Thus, participants
adopting a posture that was closer to the screen possibly indicated
a withdrawal tendency in the face of insurmountable frustration
in the present study.

The posture feature of the head turned around the vertical
axis (i.e., Head Posture Y) emerged as the strongest indicator
for two emotions. Keeping the head turned to the left indicated
self-reported enjoyment, whereas keeping the head turned
to the right was a sign of frustration. This result is partly
in line with findings relating a head posture turned to the
right to acted emotion displays of withdrawal-related emotions
(Gunes et al., 2015). Moreover, the present finding aligns
with results from neuropsychological studies, relating left-sided
muscle contractions to withdrawal tendencies and right-sided
contractions to approach tendencies (Schiff and Bassel, 1996).
In the present study, a left-sided muscle contraction in the
neck, which is responsible for keeping the head turned to the
right (Gatterman, 2012), was related to frustration, whereas
the opposite applied for enjoyment. In addition, a right-
sided muscle contraction also causes the tilting of the head
to the right shoulder (Gatterman, 2012), which emerged as a
marginally significant indicator for enjoyment. Thus, paralleling
the finding regarding upper-body posture, keeping the head
turned to the right might have indicated the withdrawal tendency
accompanying the experience of frustration. In contrast, keeping
the head turned to the left (and tilted to the right shoulder)
may have expressed the approach tendency accompanying
enjoyment.

An alternative interpretation is provided by considering that
the participants kept their heads generally more turned to the
right, as indicated by the negative means of Head Posture Y
in Table 2. Therefore, even comparably high individual values
of Head Posture Y may still have denoted a head posture
turned to the right. Consequently, the positive relation between
Head Posture Y and enjoyment (see Table 3) may actually
mean that keeping the head more straight (i.e., less turned
to the right) indicated enjoyment. This interpretation is in
line with findings relating a straight head posture to positive
emotions and a turned head posture to negative emotions
(Woolf et al., 2009).

The amount of head tilting activity emerged as a significant
positive indicator for boredom, which conforms to the findings
of Witchel et al. (2016). In addition, the result resembles findings
relating increased bodily activity to low attention (Farrace-Di
Zinno et al., 2001) and disengagement (Woolf et al., 2009). As
a possible explanation, some authors (see Garger, 1990) have
argued that increased bodily activity serves the activation of the
neural system in order to refocus attention on a lengthy task.
Thus, an increased head tilting activity in the present study may
have reflected an attempt to cope with the experience of boredom
during gameplay.

The present study has some notable limitations. Due to the
specified research approach, combinations of features were not
analyzed. For example, how Head Posture Y and Upper-Body
Posture Z interact as indicators of frustration was not addressed.
Moreover, due to the application of a regression procedure, the
present results have to be interpreted as relations. Therefore, no

information can be provided about “cut-off” values or intervals
of bodily expression features that may indicate whether or not an
emotion is experienced. In addition, although the results showed
that different emotions were indicated by different features of
bodily expression, the discriminative power of the identified
features was not assessed directly. This remains an open task for
future studies.

Another limitation concerns the narrow set of parameters
(i.e., mean of posture and overall activity) we used as features
of bodily expression. Other possible parameters include the
range of posture and activity as well as the speed, acceleration,
and direction of activity. In the future, an increased effort is
needed to analyze and compare these additional parameters to
achieve more reliable bodily expression indicators of emotional
experience.

Regarding the measure of emotional experience, the use
of self-reports can be criticized, because it can interrupt
the gameplay experience (Pagulayan et al., 2003). In order
to overcome this issue without relying on observer ratings,
retrospective self-reports that are aided by letting the participants
view their own gaming sessions can be applied in the future
(e.g., D’Mello and Graesser, 2011). However, for the present
study, this procedure was considered to be too onerous
for the participants because of the length of the gaming
sessions. Another limitation of using self-reports of emotional
experience concerns their susceptibility to individual differences
in alexithymia. Individuals high in alexithymia are assumed to
be less aware of their own emotional states, although they react
to emotional stimuli (Lane et al., 1997). Thus, the reliability
of emotion self-reports can be diminished for high alexithymia
individuals.

Further, only a limited number of discrete emotions was
investigated in the present study. While the emotions were
chosen for their proven relevance in learning activities (e.g.,
Pekrun et al., 2002, 2004, 2010), additional emotions and
affective-cognitive states, such as confusion (e.g., D’Mello and
Graesser, 2012b), can impact learning in multimedia learning
systems and need to be considered in future studies.

Finally, the Kinect had dropouts during the recordings,
possibly because it was not always able to fit a skeleton to the
participants as their lower body was obstructed due to the study’s
setup. Although this did not pose a problem for the analysis, it
diminishes the reliability for practical applications. Nonetheless,
the Kinect device offers a low-priced and easily implemented way
to gain exhaustive data on bodily expression for the purpose of
research.

Despite these limitations, the present study provides
substantial support for the applicability of bodily expression
in recognizing genuine emotional experiences. In contrast
to previous works that assessed single instances of emotions
in retrospect (e.g., van den Hoogen et al., 2008; Grafsgaard
et al., 2012) or used observer ratings (e.g., Woolf et al., 2009;
Kleinsmith et al., 2011), the present study related bodily
expression to repeatedly collected self-reports of emotions
during a task. Thus, within-subject changes in the emotional
experience were accounted for, and, consequently, the ecological
validity of the present results could be increased. In addition, by
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using GEE models, the features of bodily expression that showed
the highest relative importance compared to other features for a
given emotion could be identified. This analytic approach helped
to avoid ambiguities, such as for bodily activity, which has been
previously related to boredom (Witchel et al., 2016) but also to
frustration (van den Hoogen et al., 2008; Grafsgaard et al., 2012).

The findings of this study not only add to our understanding
of the relationship between bodily expression and emotional
experience, but also, by identifying specific features of bodily
expression as relevant indicators for emotional experience, the
results can inform developers of automatic emotion recognition
systems. Moreover, the present findings may apply to other
contexts in which a desktop computer is operated, such as
entertainment games. The practical application of the present
findings will be the subject of future works, aiming to further
advance emotion recognition for multimedia learning systems.
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Chapter 5 

General Discussion 

In order to promote our understanding of how we can tap into the potential of serious games as 

multimedia learning environments, this thesis focuses on the learning outcome of complex 

cognitive skill acquisition. This focus was set because serious games are widely seen as being 

predestined for modelling complex dynamic systems that allow for active engagement (Van 

Merriënboer & Kirschner, 2017). In this regard, the way in which complex cognitive skill 

acquisition is assessed has been identified as one of the shortcomings of existing research. To 

address this issue, a measure of mental model development was established in this thesis, to be 

used as a proxy for complex cognitive skill acquisition.  

The second shortcoming in existing serious-game research is the lack of attention paid to learner 

engagement and learning-centred emotions as learner-state characteristics. Despite their 

presumed role in multimedia learning (see Moreno & Mayer, 2007), in the few instances when 

these characteristics have been investigated, they have been viewed as by-products of learning 

(see Clark et al., 2016) and have been considered in isolation from one another (e.g., Iten & 

Petko, 2014; Shute et al., 2015). To overcome this deficiency, I focused on two components of 

learner engagement (i.e., behavioural and cognitive-behavioural engagement) as well as 

learning-centred emotions (i.e., enjoyment, boredom and frustration). These learner-state 

characteristics have been identified as being crucial for complex cognitive skill acquisition and 

also highly prevalent in learning with serious games (see Chapter 1). In the first two studies, 

the role of learner engagement and learning-centred emotions during learning with a serious 

game was investigated in order to reveal how they interrelate and affect complex cognitive skill 

acquisition (see Chapters 2 and 3). 
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The underrepresentation of learner engagement and learning-centred emotions in existing 

research (and lack of understanding of how they evolve during learning with serious games) 

may be caused in part by the difficulties associated with assessment. The prevalence of self-

reporting methods, although often well-established, economic and reliable, has severe 

disadvantages in the context of learning with serious games (see Schrader et al., 2017). Thus, 

in this thesis, I sought to apply and test measures for learner engagement and learning-centred 

emotions that facilitate unobtrusive and continuous assessment during learning with a serious 

game.  

In the remainder of this chapter, I will reflect upon and discuss the findings of this thesis in 

relation to the main themes outlined above and in Chapter 1. I will firstly reflect on the 

measurement of mental model development as a means of assessing complex cognitive skill 

acquisition through serious games. Secondly, I will discuss my findings relating to the effects 

of learner-state characteristics on complex cognitive skill acquisition, as well as their temporal 

dynamics during learning with the serious game. Thirdly, I will discuss the findings relating to 

assessment of learner-state characteristics. I will conclude with some critical remarks about this 

thesis and consideration of future directions. 

Reflecting on Measuring Mental Model Development as an Assessment of Complex Cognitive 

Skill Acquisition 

In order to examine the potential of serious games for complex cognitive skill acquisition, a key 

strength of this thesis is the fact that it seeks to measure learners’ mental model development. 

Specifically, I used Pathfinder networks (Schvaneveldt, 1990) to capture learners’ individual 

mental models and to gauge the similarity between learners’ and experts’ models in order to 

assess MMA in the domain of financial literacy skills. This approach has several advantages 

over using more traditional verbal knowledge tests. As outlined in Chapter 1, verbal knowledge 
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tests have less predictive value in terms of skill proficiency. Furthermore, they do not capture 

the contextualized knowledge that is usually conveyed in serious games. The MMA measure 

used in this thesis was evaluated against questionnaires indicating self-reported saving 

behaviour and debt awareness (see Chapter 3). Given the high positive correlations between 

pre- and post-test MMA, this measure was deemed to show good consistency (see Chapters 2 

and 3).  

Findings relating to the validity and consistency of MMA provided an indication of confidence 

in terms of further interpretation of the results of this thesis. In this respect, the lack of 

significant changes in learners’ MMA during learning with the serious game (see Chapters 2 

and 3) indicates the need for discussion. First of all, it has to be noted that the study procedures 

in this thesis were chosen primarily for investigating learner-state characteristics during 

learning with serious games. This may have conflicted with the secondary goal of testing the 

effectivity of the Cure Runners game. In particular, only letting learners play the game once 

may have prevented a general increase in MMA from occurring. This notion is supported by 

previous findings showing that single sessions of learning with serious games are considerably 

less effective than multiple sessions (see Clark et al., 2016; Wouters et al., 2013). The seemingly 

trivial effect of frequency of learning with serious games appears to be even more pronounced 

for mental model development. Ketamo and Kiili (2010) showed that playing a mathematics 

game more often significantly increases the probability of learners correcting misconceptions 

in their existing mental models. Another explanation for the lack of changes in overall MMA 

may be found in the complex pattern of conditions that determine the effectiveness of serious 

games. For example, games played in combination with additional learning material have been 

shown to be more effective than games played in isolation (Wouters et al., 2013), as with the 

studies presented in this thesis. Moreover, it has been argued that serious games are more 

effective when their core mechanics are more closely aligned with the subject matter (Habgood 
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& Ainsworth, 2011). It is possible that in the case of Cure Runners, this alignment was not 

close enough to change learners’ mental models beyond some isolated, partial knowledge 

structures. Thus, although visual comparisons of pre- and post-test indicated local changes in 

learners’ mental models, these changes appeared to be too limited to affect learners’ overall 

post-test MMA (see Chapter 2). 

Notwithstanding the absence of changes in overall MMA, the established measure could be 

considered an adequate assessment of complex cognitive skill acquisition given the reported 

findings for validity and consistency. It was, therefore, deemed fit to be the criterion for 

investigating the role of learner-state characteristics in complex cognitive skill acquisition 

through serious games (the main aim of this thesis).  

Discussing the Role of Learner-State Characteristics 

In order to advance understanding of how learner engagement and emotions affect complex 

cognitive skill acquisition through serious games, a stepwise approach was adopted, which 

spanned the two empirical studies presented in Chapters 2 and 3. In the first step, I was able to 

show that behavioural engagement had no effect, whereas the cognitive-behavioural 

engagement facet of self-monitoring was crucial for mental model development (see Chapter 

2). The insignificant effect of behavioural engagement contradicts some previous results in the 

context of serious games (Esereyel et al., 2013; Rowe et al., 2011). This discrepancy, however, 

may have resulted from the different operationalizations of behavioural engagement, 

confounded by variables relating to learners’ prior knowledge in the cited studies (see Chapter 

1). In this thesis, an effort has been made to produce behavioural engagement measures that are 

unbiased by such confounding variables (see Chapter 2). What is more, I endeavoured to 

distinguish between behavioural engagement during game phases, which were either more or 

less relevant to the learning objective. With regard to self-monitoring, its positive effect on 
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MMA could also be replicated in the second study of this thesis (see Chapter 3). Moreover, the 

results presented here are in line with findings from previous research in other multimedia 

learning contexts, showing the beneficial role of self-monitoring in mental model development 

(e.g., Greene & Azevedo, 2009). Finally, the relative importance of self-monitoring compared 

to behavioural engagement conforms to assumptions made for multimedia learning in general 

(see Mayer, 2005). Given its crucial role, the generally low amount of self-monitoring shown 

by learners when learning with Cure Runners also provides an additional explanation for the 

nil findings relating to changes in MMA (see Chapters 2 and 3).  

In the second step, I looked into the role of learning-centred emotions together with self-

monitoring during learning with serious games (see Chapter 3). In an iterative process, the 

dynamic interrelations between both learner-state characteristics were firstly identified. The 

results showed different patterns of temporal dynamics, with self-monitoring positively 

predicting enjoyment, whereas boredom and frustration emerged as negative predictors of self-

monitoring. These results echo previous findings where metacognition has generally been 

found to be positively related to positive emotions and negatively related to negative emotions 

(e.g., Mega et al., 2014; Pekrun et al., 2017). However, the prevailing assumption that emotions 

affect self-monitoring (e.g., Mega et al., 2014) is only supported for negative emotions in this 

thesis. Pekrun’s CVT (Pekrun, 2006) offers a possible explanation for the diverging paths 

between emotions and self-monitoring. Given that perceived internal control over a task 

facilitates the experience of enjoyment (whereas perceived external control can lead to boredom 

and frustration) (Pekrun, 2006), different triggers may have contributed to perceived control 

during learning with Cure Runners. Engaging in self-monitoring may have served as a trigger 

which contributed to a perception of internal control, leading to increased enjoyment (see 

Pekrun & Linnenbirnk-Garcia, 2012). However, a mere lack of engagement in self-monitoring 

cannot be argued to trigger perceived external control in the same way (albeit less self-
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monitoring learners may have experienced less internal control and, thus, lower enjoyment). 

Instead, other aspects or events during learning with the serious game (such as the level of game 

difficulty or usability) may have provided triggers for perceived external control and, thus, 

negative emotions (see D’Mello, 2013; Van Lankveld et al., 2010), which, in turn, affected self-

monitoring. As an additional notable finding, the effects of self-monitoring and emotions over 

the course of the game were not always immediately apparent. In particular, frustration showed 

some indirect or “delayed” effects on self-monitoring. Thus, single instances of frustration may 

not necessarily have an impact on self-monitoring, but to take effect, they must be present for 

some time during learning with a serious game. This speaks to assumptions made by D’Mello 

and Graesser (2012a), who only related prolonged frustration to general disengagement during 

a particular learning activity. 

Secondly, self-monitoring and learning-centred emotions were tested in combination for their 

effects on mental model development (see Chapter 3). While the positive effect of self-

monitoring on post-test MMA could be replicated (as already mentioned above), the role of 

emotional experience seemed to be less straightforward. In terms of enjoyment, its beneficial 

role (which is often used as a major argument for incorporating serious games in educational 

curricula) (e.g., Prensky, 2001; Ritterfeld et al., 2009) is not supported by the present findings. 

A possible explanation for this might be that experiencing enjoyment in games facilitates basic 

learning outcomes rather than complex cognitive skill acquisition. This notion is supported by 

previous studies which revealed the positive effects of enjoyment in the case of simple learning 

content (e.g., Giannakos, 2013), as opposed to more complex material (e.g., Iten & Petko, 2016; 

Jackson & Graesser, 2007). Another explanation may be that a positive effect of enjoyment 

only evolves in the long run. For example, Garris et al. (2002) assume that enjoyment 

experienced during gameplay predicts repetitive gameplay. In this sense, enjoyment might also 
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affect mental model development, since repetitive gameplay is known to facilitate changes in 

mental models (Ketamo & Kiili, 2010).  

In terms of boredom, the direct negative effect on post-test MMA founds of this thesis is in line 

with previous findings reporting a negative effect on learning in general (e.g., Perkun et al., 

2014) and with serious games in particular (e.g., Baker et al., 2010). However, the effect of 

boredom as a predictor of self-monitoring (as described above) did not appear to be strong 

enough to emerge at the more global level of aggregated values. Thus, experiencing boredom 

may have affected mental model development via other channels, leading to superficial 

information processing (Pekrun et al., 2010), which is not covered in this thesis. 

In contrast to boredom, frustration may have affected mental model development only 

indirectly by leading to less self-monitoring during learning with the serious game. An 

alternative explanation for the lack of a direct effect on post-test MMA might be that frustration 

had an additional positive effect via variables not covered in this thesis. For example, frustration 

can facilitate critical thinking and elaboration (see Pekrun et al., 2017). In the context of serious 

games, frustration has previously been shown to positively predict in-game performance, which 

can be attributed to increased invested mental effort (Shute et al., 2015). Thus, the function of 

frustration in learning with serious games is possibly twofold, with beneficial and detrimental 

effects partially compensating for one another.  

In sum, the study presented in Chapter 3 highlights the importance of considering interrelations 

between learner-state characteristics in order to fully understand their effect during learning 

with serious games. A major strength of this study is that this was done during the process of 

learning, thereby capturing the dynamics of these interrelations (see Winne & Perry, 2000). 

This was further supported by applying a panel design (see also Pekrun et al., 2014), enabling 
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the directional influences to be modelled and tested over the course of learning with the serious 

game.  

Discussing Assessment of Learner-State Characteristics 

The aim of increasing understanding of the role of learner-state characteristics is closely tied to 

the question of appropriate assessment during learning with serious games. In order to 

overcome shortcomings in existing research (see Chapter 1), this thesis tapped into the potential 

of objective measures of learner engagement and emotions.  

Regarding the two components of learner engagement, a learning analytics approach was 

applied, measuring the time spent in specific phases of the serious game. Correlational analyses 

showed that the self-monitoring measure showed a significant positive correlation with 

retrospective self-monitoring reports (see Chapter 3). In contrast, no significant correlation was 

found between the two behavioural engagement measures (i.e., behavioural engagement in 

phases with high or low relevance to the learning objective) and retrospective self-monitoring 

(Riemer & Schrader, 2016a). Thus, the engagement measures appeared to discriminate well 

between behavioural engagement and self-monitoring, with the latter showing sufficient 

external validity.  

In terms of learning-centred emotions, the proof of concept presented in our study (see Chapter 

4) supports use of bodily expression as a potential indicator of discrete emotions experienced 

during learning with serious games. The features of posture and upper-body/head activity that 

were identified showed unique relations to enjoyment, boredom and frustration. Moreover, the 

findings partially conform to existing results, such as head posture rotated around the vertical 

axis, differentiating enjoyment from frustration (see Woolf et al., 2009). In addition, the relation 

between frustration and positioning of the upper body nearer to the game screen has been 

suggested previously (Grafsgaard et al., 2012). These specific features of body posture may 
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indicate action tendencies which accompany the emotions of enjoyment and frustration. 

Keeping the head turned to the right (as opposed to keeping the head in a straighter position) 

involves muscle contractions which have been related to withdrawal tendencies (Schiff & 

Bassel, 1996). Similarly, an upper-body position nearer to the game screen has previously been 

interpreted as a slumped body posture (Witchel et al., 2016), which is also related to withdrawal 

(Frijda, 1988; Wallbott, 1998). Finally, the finding relating increased head activity and boredom 

in our study parallels other results showing a positive relation between increased bodily activity 

and disengagement (Woolf et al., 2009). However, in contrast to the postural features identified, 

this activity feature cannot be clearly related to a specific action tendency. It might be that 

increased head activity, in fact, represents an emotion regulation strategy that helps learners to 

cope with experienced boredom (see Garger, 1990). 

A major strength of the study presented in Chapter 4 was, firstly, use of self-reports as the 

ground truth for genuine emotional experience. Thereby, I was able to overcome limitations of 

previous approaches which aimed to identify features of bodily expression in emotion 

recognition using human raters or actors. Secondly, emotion self-reports were collected 

repeatedly over the course of learning with the serious game. Thus, dynamic changes in 

emotions during learning could be accounted for. Finally, learners’ bodily expression was 

captured using an off-the-shelf depth-image sensor, which proved to be an efficient and non-

intrusive means of collecting data. 

Limitations 

The present thesis has several limitations. A general limitation pertaining to all the studies in 

this thesis lies with the settings, which were non-experimental. Thus, the studies provide only 

limited support for causal conclusions, which are merely based on temporal precedence of the 

variables. However, the present approach was chosen over experimental settings in order to 
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investigate learner-state characteristics as accurately as possible during a learning experience. 

What is more, sustaining experimentally induced learner states (as in the case of emotions) has 

been shown to be problematic during protracted cognitive tasks (e.g., Spering et al., 2005). 

Nevertheless, some of the results of this thesis (e.g., temporal dynamics between self-

monitoring and emotions) may be subjected to experimental testing in future studies.  

Besides this general criticism, further limitations concern the more specific subjects of this 

thesis. In terms of assessing MMA, some concerns can be raised about eliciting knowledge by 

collecting relatedness ratings among pairs of domain concepts (see Chapter 2). Given that the 

mental model of practical money skills comprised a total of 15 domain concepts, participants 

had to rate 105 concept pairs in the pre-tests and again in the post-tests. Thus, the task of making 

relatedness ratings can be tedious for participants, resulting in a lack of concentration, 

particularly for ratings at the end of the procedure. However, the task of rating relatedness 

between pairs of concepts itself is simple and straightforward in comparison to other techniques 

for assessing MMA, such as annotated concept maps (see Trumpower et al., 2010). A second 

limitation of the MMA assessment applied in this thesis can be seen in the limited information 

provided by the Pathfinder networks, compared to other techniques such as annotated concept 

maps. Specifically, the links between concepts in a Pathfinder network merely represent the 

degree of relatedness, whereas they contain no information about the nature of a particular 

relation (e.g., whether there is a positive or negative relation). While this shortcoming in 

Pathfinder networks may diminish their virtue when it comes to evaluating an individual mental 

model (e.g., for formative assessment), it does not compromise their validity and reliability in 

terms of assessing complex cognitive skill acquisition (see Dorsey et al., 1999; Gonzalvo et al., 

1994). 
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With regard to the role of learner-state characteristics, the decision to only investigate facets of 

learner engagement and discrete emotions could be criticized on the grounds of it being too 

restrictive. For example, other forms of engagement, such as cognitive or motivational 

engagement (see Pekrun & Linnenbrink-Garcia, 2012), doubtlessly play a role in learning with 

serious games. Nevertheless, behavioural engagement can be considered the most 

straightforward facet of engagement present in learning with serious games (see Boyle et al., 

2011). Thus, the prevalence of behavioural engagement in serious-game research, together with 

its controversial role in multimedia learning in general (cf. Mayer, 2005; Rieber & Noah, 1997; 

Rowe et al., 2011), was the main impetus for its consideration in this thesis. The decision to 

include self-monitoring (representing the facet of cognitive-behavioural engagement), 

however, was based on its specific role in mental model development. In addition, self-

monitoring takes a central role in self-regulating learning in general, being present at all stages 

from planning a task to evaluating the task outcome (Winne & Hadwin, 1998). 

Similarly, I restricted the set of emotions to achievement emotions pertaining to a learning 

activity (see Pekrun, 2006). This was done, firstly, because enjoyment, boredom and frustration 

can be seen as particularly relevant in the given context of learning with a serious game (e.g., 

D’Mello, 2013; Harley et al., 2013; Poels et al., 2007). Secondly, restricting the research to 

these three emotions was conducive to finding an efficient and valuable measure of the complex 

relationships between learner-state characteristics. However, future studies may enlarge this 

scope to include epistemic emotions such as curiosity and confusion, which are of additional 

relevance to learning in general (e.g., D’Mello, 2013; Pekrun et al., 2017).  

Finally, the methods chosen for assessment of learner engagement and learning-centred 

emotions also have considerable limitations. In terms of learner engagement, while the learning 

analytics approach provided objective and unobtrusive measures, the reliability of these could 
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not be evaluated. For example, it was not possible to determine how learners showing high 

amounts of self-monitoring (by spending more time in respective game phases) actually used 

this time. It might well be that some learners monitored their progress, whereas others just took 

the opportunity to pause the game. Thus, future studies could invest additional effort in 

establishing more refined assessment of self-monitoring during learning with serious games, 

e.g., by measuring monitoring accuracy (see De Bruin & Van Gog, 2012).  

With regard to features of bodily expression identified as indicators of the three emotions, the 

set of chosen parameters could be questioned. For example, only overall upper-body and head 

activity was considered, whereas features such as direction and acceleration of movement may 

also contain relevant information (see Kleinsmith & Bianchi-Berthouze, 2013). Investigation 

of additional features should certainly be considered in future studies, in order to further utilize 

the potential of bodily expression for emotion recognition in serious games and multimedia 

learning in general. Another limitation concerns the discrimination validity of bodily expression 

features. While it has been possible to identify distinct features of enjoyment, boredom and 

frustration in this thesis, the ability to discriminate between these emotions has not been 

assessed directly. For example, previous studies indicated that by using bodily expression, some 

emotions (e.g., boredom) may be identified more reliably than others such as delight (D’Mello 

& Graesser, 2009). What is more, specific features of bodily expression (such as upper-body 

position in relation to a computer screen) have previously been associated with the amount of 

invested mental workload (Qiu & Helbig, 2012). Thus, further research should be undertaken, 

focused on assessing the discriminative power of bodily expression features, not only for 

different discrete emotions but also in relation to other constructs. 
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Practical Implications and Directions for Future Research 

Despite the limitations mentioned above, the present thesis provides valuable insights into 

determinants of the effectivity of serious games for complex cognitive skill acquisition. The 

finding relating to the relevance of self-monitoring during learning with serious games is of 

particular relevance for practitioners such as game designers. According to the present results, 

serious games should not only provide learners with the opportunity to engage in self-

monitoring but should also actively support such engagement. For example, in Cure Runners 

(the serious game used in this thesis), learners were shown respective screens that enabled them 

to monitor their progress. However, these screens could easily be skipped. In order to increase 

learners’ self-monitoring, respective game screens should be more contextualized during the 

gaming process, e.g., by including an in-game task that requires information given in these 

screens (see Greene & Azevedo, 2009).  

In terms of results relating to the role of learning-centred emotions, designers of serious games 

face the challenge of providing learning experiences that do not cause prolonged frustration. 

On the other hand, game developers should also not worry too much about frustrating learners, 

which is also considered to be an effective way to increase invested effort in games. The 

complex role of frustration in learning with serious games, as found in this thesis, calls for 

further investigation. Given the dynamic interrelations between emotions and self-monitoring, 

it may be of heightened importance to identify the causes of potentially detrimental emotions 

such as frustration. For example, frustration experienced during learning with serious games or 

other multimedia environments may interrupt learners’ cognitive processes more strongly when 

attributed to the environment than to the learner herself (see Mentis, 2007). Thus, in future 

studies, the emotive stimuli to which emotional experience is attributed should be considered 

more closely. In addition, as indicated by the results reported in Chapter 3, short episodes of 
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frustration may not necessarily have a negative effect during gameplay. It may, therefore, be of 

interest to determine the role of intensity and duration of learning-centred emotions such as 

frustration in learning. 

In conjunction with the latter notions, the role of emotion assessment during learning with 

serious games becomes even more significant. Given that a single session of learning with a 

serious game focused on complex cognitive skill acquisition may well last about an hour, 

continuous assessment of emotions is necessary to reliably identify causal stimulus events. In 

this thesis, I have been able to show that bodily expression is a potential source for such an 

assessment. However, more research is needed before its full potential can be tapped into in the 

context of serious games. Besides taking into account the above-mentioned additional features 

of bodily expression, the generalizability of this approach needs to be confirmed. Previous 

studies have indicated that features of bodily expression which indicate emotions can vary 

considerably independently of the chosen setting (see Kleinsmith & Bianchi-Bethouze, 2013). 

In addition, Witchel et al. (2016) have highlighted the need to distinguish between instrumental 

expressions that pertain to a given task and non-instrumental expressions which can indicate 

emotional experience. Given that instrumental expressions can vary with different tasks (e.g., 

operating a keyboard vs. operating a mouse), non-instrumental expressions may also vary, thus 

affecting the predictive value of specific features of bodily expression. Finally, a future aim 

should be to use the identified features of bodily expression for further investigation of 

interrelations between emotions and other learner-state characteristics such as self-monitoring.  

In conclusion, this thesis addresses various issues which have largely been neglected in previous 

investigations in the context of serious games. Due to this fragmentary body of research, 

analysis of the relations between different variables goes hand in hand with concern for their 

assessment. Consequently, the merit of this thesis lies not only in increased understanding of 
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learner-state characteristics but also in advancing the set of methodological tools for research. 

Although many questions have yet to be answered in the realm of serious-game research, the 

approaches presented in this thesis may provide future researchers with a valid means of 

addressing such questions. 
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