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Abstract: Enhanced video-based learning environments provide new tools (e.g., hyperlinks) – 

along with the well-known basic video control tools (e.g., play, pause, rewind) – that afford 

learners‘ enhanced interaction with videos. With these tools, learners can actively transform 

existing videos into their own hypervideo structures by adding hyperlinks and own materials. 

Unlike research on basic control tools that has revealed positive impacts on learning, research 

on enhanced tools is still rare and conflicting. It is thus open, whether the tools support 

generative interested learning or put too much extrinsic cognitive load onto learners. In the 

present study, we investigated the effects of video annotation and hyperlinking tools on learning 

success and cognitive load by analyzing tool-related interaction behavior data of 141 university 

students. Results indicated that the frequent use of enhanced video tools positively predicted 

learning success and a decrease in cognitive load. Implications of these results are discussed. 

Keywords: interactive learning environments, video-based learning, interaction behavior. 

Introduction and related work 
Video is a popular, effective, and timely medium for supporting learning – and has been for a long time (for a 

review see Poquet, Lim, Mirriahi, & Dawson, 2018). Streaming media platforms such as YouTube contribute to 

a continuous increase of students’ access to digital video-based material (Poquet et al., 2018). Previous approaches 

emphasized that such dynamic audiovisual media support learning (both factual and procedural) when designed 

according to concrete guidelines (Mayer, 2005). Besides, the possibility to interact with such media plays a further 

decisive role in fostering learning processes: for example, Schwan and Riempp (2004) investigated the effects of 

basic control tools – such as play, pause and rewind – on learning nautical knots of varying difficulties and could 

show that learners successfully used these tools for strategic interactions. Further research suggested that the 

active use of basic control tools correlated significantly with knowledge acquisition (Zahn et al., 2004) as they 

allow learners to learn at their own pace which – in turn – minimizes the risk of cognitive overload (Cattaneo et 

al., 2015) – or as Schwan and Riempp (2004) put it: to adapt information flow to internal cognitive needs.  

Today, enhanced video-based environments provide tools that additionally allow to annotate (e.g., with 

hyperlinks or annotations for self-written summaries), comment, discuss, and edit videos alone or in groups (e.g., 

Leisner, Zahn, Ruf, & Cattaneo, 2020; Sauli, Cattaneo, & van der Meij, 2018; Yousef, Chatti, Danoyan, Thüs, & 

Schroeder, 2015; Zahn, 2017). With such enhanced interaction tools, learners are able to actively transform 

existing video representations into their own enriched information structures (Schwartz & Hartman, 2007; Yousef 

et al., 2015) and, therefore, actively generate meaning (Wittrock, 1992) by designing their own learning content 

(e.g., Kafai & Resnick, 1996; Papert, 1994). Such an active participation of learners in constructing information 

is crucial for conceptual understanding and fosters deep processing and re-organization of concepts (Kafai & 

Resnick, 1996; Papert, 1994; Wittrock, 1992). Delen, Liew, and Willson (2014) provided evidence that using 

enhanced tools for generative note-taking was superior to working with basic control tools regarding learning 

success. Besides, Zahn, Pea, Hesse, and Rosen (2010) and Zahn, Krauskopf, Hesse, and Pea (2012) found that 

designing a hypervideo structure is suitable for successfully learning complex history topics. However, research 

on enhanced tools is conflicting (see Sauli, Cattaneo, & van der Meij, 2018): for instance, Merkt et al. (2011), 

who investigated the impact of a table of contents in videos, found no effects on learning success. Two possible 

explanations for these conflicting results are discussed as follows: first, learners may be overwhelmed by the 

complexity of enhanced tools (Krauskopf et al., 2014; Zahn et al., 2012), which may be manifested in an increase 

of extraneous cognitive load (Kirschner et al., 2018; Paas, 1992). Second, some previously investigated enhanced 

tools were more intended to be optional supporters for facilitating video interaction (e.g., table of contents, see 

Merkt et al., 2011), than tools that are necessary to complete the learning task (e.g., note-taking, see Delen et al., 

2014). Learners seem to have a lack of strategies underlying the use of optional tools and therefore hardly use 

them (Merkt et al., 2011), which probably results in an increased extraneous cognitive load as learners need 
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 cognitive resources to process them as part of the learning environment but not necessarily need them to complete 

the task (Kirschner et al., 2018; Paas, 1992; Zahn et al., 2012). These issues could be solved when learners are 

provided with clear instructions about how to use enhanced tools efficiently and how to include them as part of a 

concrete learning task (Shin & Jung, 2020; Zahn et al., 2012). According to Sweller's (1999) Cognitive Load 

Theory, such task-relevant enhanced tools can reduce intrinsic cognitive load by helping learners to disaggregate 

the difficulty of the learning material by actively creating their own hypervideo structures (Kafai & Resnick, 1996; 

Papert, 1994; Wittrock, 1992; Yousef et al., 2015). This is also in line with constructivist approaches suggesting 

that learning is not a consequence of offering tools, but, after all, depends on internal processes associated with 

tool use – that is: concrete learning activities in a constructive learning process (Clark, 1994; Kozma, 1994). 

It becomes clear from the research described above that investigating learners’ interaction with videos is 

promising to understand how video tools can successfully be used for learning. This potential has been addressed 

by the research field on learning analytics, which suggests to measure learning behavior using logged interaction 

data (e.g., Mirriahi & Vigentini, 2017). Accordingly, the use of basic control tools or enhanced tools can be 

measured using log files that provide logged users’ (inter-)actions – such as pressing buttons – in form of tabular 

representations. Thereby, it is important to note that the use of basic control tools (e.g., pressing the pause button 

to pause the video) is often reflected in a single logged action (e.g., logged action: pause), whereas the use of 

enhanced tools is usually reflected in multiple logged actions related to it: for example, a hyperlink can be added 

to the video timeline of the video, or moved within the timeline, or deleted from the timeline. Previous approaches 

further suggested to distinguish between different levels of interactivity resulting from the use of basic control or 

enhanced tools (Delen et al., 2014; Merkt et al., 2011). Accordingly, the use of basic control tools (e.g., play, 

pause, rewind) can be subsumed under the term micro-level interactivity and the use of enhanced tools (e.g., table 

of contents, hyperlinks, annotations) under the term macro-level interactivity (see Delen et al., 2014; Merkt et al., 

2011). In line with these approaches, in the present study we summarized single learners’ actions resulting from 

the use of basic control tools under the term “micro-actions”. In addition, and as stated above, we further classified 

enhanced tools as either optional supporters for facilitating learning with videos (e.g., table of contents, Merkt et 

al., 2011) or as important and necessary parts of a concrete learning task (e.g., note-taking, Delen et al., 2014). 

Consequently, we summarized learners’ actions resulting from the use of task-relevant enhanced tools under the 

term “task-actions”.  

The present study aims to add new original findings to the corpus of existing research on the effects of 

enhanced tools in video-based environments on learning by pursuing the two following research objectives: first, 

in consideration of the previously described conflicting results concerning enhanced tools and learning success 

(Delen et al., 2014; Merkt et al., 2011; Sauli et al., 2018; Zahn et al., 2012), we investigate the effects of learners’ 

performed micro- and task-actions (i.e., actions resulting from task-relevant enhanced tools: annotations and 

hyperlinks) on learning success using frequencies of learners’ actions (cf. Hung & Zhang, 2008) and, second, in 

order to address possible overwhelming situations provoked by enhanced tools, we additionally consider cognitive 

load by investigating both mental load and mental effort (Kirschner et al., 2018; Paas, 1992; Zahn et al., 2012). 

The study is guided by the following hypotheses: 

(1) Learning success: frequently performed (H1a) micro-actions and (H1b) task-actions are positively 

related to learning success (i.e., objective learning success and self-assessed knowledge gain). 

(2) Cognitive load: frequently performed (H2a) micro-actions and (H2b) task-actions reduce cognitive load 

(i.e., mental load and mental effort). 

In the next section, we give a description of the study context, the data set, and the measures used.  

Method 

Study context and description of the data set 
To answer our hypotheses, we used a subsample (N = 141) from a data set consisting of 209 Swiss University 

students (75% female, M = 24.30 years, SD = 6.70) who learned a complex learning topic from natural sciences 

(i.e., synaptic plasticity) with an enhanced video-based environment (i.e., FrameTrail, see Figure 1). The ethical 

standards of the controlled laboratory experiment were set through the institutional ethical committee of our 

institution. Participants received course credits for participation and had no or marginal experience with the 

learning topic prior to participation. They were randomly assigned to the experimental conditions of a 3 x 2 study 

plan where the first factor concerned the video-related learning task (adding hyperlinks vs. adding annotations for 

self-written summaries vs. considerate-watching) and the second factor related to the learning setting (individual 

vs. dyadic collaborative learning). After instructions concerning the task and the usage of the tools, participants 

learned the topic individually or in groups of two by adding either (1) hyperlinks containing further thematic 
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 information from prepared written texts (see Further information texts in Figure 1) or (2) self-written annotations 

based on these texts directly into the video, or (3) they received further information texts but were not able to add 

them into the video (i.e., considerate-watching condition). Participants learned at their own pace, so that they had 

the chance (1) to fully understand the learning topic, (2) to complete the task, and (3) to compensate for possible 

effects of extraneous cognitive load triggered by the (initially unfamiliar) learning environment and tools. 

Figure 1. Enhanced video-based learning environment FrameTrail (see https://frametrail.org). 

For the present study, only data from participants learning in the two “enhanced” learning task conditions 

(i.e., hyperlink and annotation) were considered, because only they had the possibility to perform task-actions 

with necessary tools according to their learning task. Thus, from the 209 datasets, 74 were excluded and the 

remaining data sample consisted of 141 participants (75% female, 79% psychology students, M = 24.27 years, 

SD = 6.70). Thereof, 53 participants learned in an individual learning setting and 88 learned collaboratively in 44 

dyads. Furthermore, 71 used annotations and 70 used hyperlinks to complete the learning task. It is important to 

note that although only one set of interaction data was collected for dyads, because groups worked together on a 

shared desktop computer, dyad interaction data was used for the present study as individual data for the purpose 

of comparison between groups. With this, we refer to literature on joint attention, which revealed that interactions 

of collaborative dyads are closely coupled (Barron, 2003; Schneider & Pea, 2013). Moreover, two analysis of 

variance (ANOVAs) with micro- or task- actions as dependent variables and learning setting (individual vs. 

collaborative) as between-subject factor did not reach significant levels (p > .05). Thus, individuals and 

collaborative learners were comparable on these variables. This approach further allowed us to examine effects 

of video interaction on individual learning success and subjective perceptions of knowledge gain and cognitive 

load. 

Measures 
Learners’ video interactions were collected with log files provided by the enhanced video-based environment 

used in the study (see https://frametrail.org). Table 1 lists the collected actions. As mentioned above, we 

summarized actions resulting from basic control tools into micro-actions and actions resulting from the use of 

enhanced tools (annotations and hyperlinks) into task-actions. The circumstance that participants learned at their 

own pace was reflected in a remarkable spread of variance for both absolute learning time (M = 42.17 min, SD = 

15.22) and absolute frequencies of performed actions over all participants (micro-actions: M = 88.96, SD = 47.10; 

task-actions: M = 67.53, SD = 41.21). Therefore, we considered relative values of actions (division of absolute 

interaction frequencies of micro- and task-actions by learning time in minutes) to address individual learning pace 

(micro-actions per minute: M = 2.31, SD = 1.30; task-actions per minute: M = 1.58, SD = 0.65). Although we 

conducted analyses for both absolute and relative values of performed micro- and task-actions, for the purpose of 

this contribution as well as its substantive relevance (through the consideration of learning time), we only focused 

on relative values here. 
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Table 1: Collected micro-actions and task-actions  

 

Micro-actions Task-actions 

Play Adding hyperlink or annotation into video 

Pause Change annotation text 

Jump backwards Change displayed time of hyperlink or annotation on video timeline 

Jump forward Delete hyperlink or annotation from timeline 

 

To measure learning success, participants were, first, asked to answer an objective knowledge test with 

20 questions (post-experimental) developed with an expert of biopsychology at our institution. The questionnaire 

consisted of 15 multiple choice (four answer options with one correct answer) and five open short-answer 

questions. Out of these, eight questions addressed understanding of concepts (e.g., “What are vesicles?” referred 

to the understanding of the concept “vesicle”), eight related to understanding of concept interrelations (e.g., “What 

role do calcium ions play in synaptic transmission?” referred to the understanding of the concepts “calcium ion” 

and “synaptic transmission” and their interrelation), and four measured transfer knowledge (transferring learning 

information to other situations or circumstances, see Rebetez, Bétrancourt, Sangin, & Dillenbourg, 2010). The 

distinction between concept and concept interrelation was crucial with regard to our learning task conditions as 

the use of annotations is assumed to foster relations between prior knowledge and new information, and thus 

understanding of concepts (Zahn et al., 2010, 2012), and the use of hyperlinks is assumed to foster relations among 

concepts (Stahl, Finke, & Zahn, 2006). Participants received one point for a correct and zero points for an incorrect 

answer. Cronbach’s 𝛼𝛼 for the final test was .76 (note: this analysis was conducted with the full data sample, N = 

209). Second, we measured self-assessed knowledge gain (post-experimental) with a one-item scale (i.e., “How 

much do you think your knowledge in synaptic plasticity has improved?”) from 1 (not at all) to 5 (very much). 

To measure cognitive load, we focused on Paas (1992) and De Jong (2010) and analyzed both concepts 

mental load (imposed by instructional parameters such as task structure) and mental effort (capacity assigned to 

instructional demands) separately to consider the large variety of definitions of the construct: first, mental load 

was measured according to Kalyuga, Chandler, and Sweller (1999). Participants rated the item “Please estimate 

how easy or how difficult you found the learning material.” from 1 (very easy) to 7 (very difficult). Second, in 

order to measure mental effort, we took a closer look into the subscale effort/importance of the short version of 

the Intrinsic Motivation Inventory (KIM, Wilde et al., 2009, see Table 2). Note that the items of this scale were 

originally validated by Wilde et al. (2009) in German language and were translated from German to English for 

the purpose of this contribution. The participants rated the subscale from 1 (totally disagree) to 5 (totally agree) 

on three items. A reliability analysis (conducted with the subsample, N = 141 of the present study) for this subscale 

revealed 𝛼𝛼 = .457. However, when item 1 (i.e., “Editing the video in the learning environment was a considerable 

effort for me.”, see Table 2) was excluded from the scale, Cronbach’s 𝛼𝛼 changed to .755. We consequently 

concluded that item 1 measured the actual “effort” while items 2 and 3 were more related to perceptions of 

“importance”. Item 1 was proximately used to measure mental effort and was extracted from the original subscale. 

Both scales were measured post-experimental. 

 

Table 2: Subscale effort/importance of the short version of the Intrinsic Motivation Inventory (KIM)  

 

Subscale Cronbach’s 𝛼𝛼 Nr. Item 

Effort / Importance .457 1 Editing the video in the learning environment was a 

considerable effort for me. 

2 I tried to do my best. 

3 It was my personal concern to perform well at editing the 

video in the learning environment 

 

To answer the hypotheses described above, several multiple and multivariate multiple regression 

analyses were conducted with micro- and task-actions as predictors and measures regarding learning success and 

cognitive load as dependent variables. 

Results 
For data preparation, we first investigated the correlation of micro- and task-actions using Pearson correlations 

and found no significant result (p > .05). When conducting regression analyses, predictor variables are ideally 
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 independent to minimize the risk of suppressor effects (Bortz, 2005). Hence, we concluded that both predictor 

variables (micro- and task-actions) could be examined independently. Second, we calculated a Pearson correlation 

with the dependent variables mental effort and mental load and found no significant results (p > .05). Therefore, 

we examined these variables independently in two multiple regression analyses. For the statistical tests, an 𝛼𝛼-level 

of .05 was used. 

Effects of interaction frequencies on learning success (H1) 
To answer our hypotheses on learning success (H1), a multivariate multiple regression analysis with the three 

scores of objective learning success (understanding of concept, understanding of concept interrelations and 

transfer tasks) as dependent variables and micro- and task-actions as predictors was conducted (see Table 3). A 

significant regression equation was found for understanding of concepts for task-actions (F(1,132) = 5.31, p = 

.023). As expected, (Hb), this result indicates that the more task-actions were performed the higher were learning 

success outcomes in understanding of concepts. However, no other result reached a significant level (p > .05). 

Hence, we could not confirm a positive relation between micro-actions and objective learning success (H1a). 

Table 3: Results on the impact of micro- and task-actions on objective learning success 

Concept Concept interrelations Transfer 

Predictors β SE β R2 ΔR2 β SE β R2 ΔR2 β SE β R2 ΔR2 

Micro-

actions 

.023 .107 .039 .024 -.088 .136 .003 -.012 .022 .062 .004 -.011 

Task-actions .493* .214 .039 .024 -.044 .273 .003 -.012 .081 .125 .004 -.011 

Moreover, a multiple regression analysis with self-assessed knowledge gain as dependent variable (see 

Table 4) yielded significance (F(2,132) = 6.38, p = .002). However, in contrast to our assumption (H1a), this 

result indicates that the more micro-actions were performed the lower was self-assessed knowledge gain (𝛽𝛽 = -

.148, p = .004). Besides, a marginal significant effect was found for task-actions (𝛽𝛽 = .193, p = .056), indicating, 

according to expectations (H1b), that frequently performed task-action increased self-assessed knowledge gain.  

Table 4: Results on the impact of micro- and task-actions on self-assessed knowledge gain 

Self-assessed knowledge gain 

Predictors β SE β R2 ΔR2 

Micro-actions -.148* .050 .088 .074 

Task-actions .193 .100 .088 .074 

Effects of interaction frequencies on cognitive load (H2) 
To answer the hypotheses on cognitive load (H2), two multiple regression analyses were conducted that addressed 

mental load and mental effort separately (see Table 5). First, we conducted an analysis with mental load as 

dependent variable and micro- and task-actions as predictors. The analysis showed a significant result (F(2,131) 

= 3.94, p = .022). A closer look at the predictors revealed that task-actions significantly predicted mental load (𝛽𝛽 

= -.435, p = .021). As expected, (H2b), this result indicates that frequently performed task-actions reduce mental 

load. However, contrary to our expectations (H2a), no effects were found for micro-actions (p > .05). 

Second, a similar analysis with mental effort as dependent variable did not reach significance (p > .05). 

Thus, we could not confirm our assumptions for mental effort (H2a, H2b). 

Table 5: Results on the impact of micro- and task-actions on mental effort and mental load 

Mental load Mental effort 

Predictors β SE β R2 ΔR2 β SE β R2 ΔR2 

Micro-actions .134 .092 .057 .042 -.092 .068 .018 .003 

Task-actions -.435* .186 .057 .042 -.113 .137 .018 .003 
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Discussion 
The main goal of this study was to understand how learners’ video interactions are related to learning success and 

cognitive load in natural science learning. To address this goal, we differentiated between micro- and task-actions 

and analyzed log file data of students’ interactions with an enhanced video-based environment. 

Our data indicates that frequently performed task-actions predict objective learning success. Following 

earlier considerations (Zahn et al., 2012), we therefore conclude that meaningful enhanced tools that are an 

integral and explicit part of the learning task can substantially foster learning processes. This conclusion is in line 

with related research suggesting that note-taking in enhanced videos is able to increase learning success (Delen et 

al., 2014) and that designing a hypervideo structure can foster learning of complex topics (Zahn et al., 2010, 2012; 

Zahn, 2017). The frequent use of enhanced video tools seems to help learners to design their own information 

structures (e.g., Clark, 1994; Kafai & Resnick, 1996; Yousef et al., 2015) and to actively generate meaning 

(Wittrock, 1992), which in turn is reflected in actual learning success. However, this could only be confirmed for 

understanding of concepts, whereas results on other measures (understanding of concept interrelations and transfer 

knowledge) did not yield significance. Thus, it is arguable that task-actions that are connected to annotations are 

more involved in fostering understanding of concepts than task-actions that are related to hyperlinks (see Stahl et 

al., 2006; Zahn et al., 2012, 2010). Future research should consider this by explicitly investigating differences 

between annotations and hyperlinks and their related actions. 

Moreover, in contrast to earlier research (Zahn et al., 2004), we could not confirm a positive relation of 

frequently performed micro-actions with objective learning success and even found a negative relation with 

subjective knowledge gain. One possible explanation for these results may be that not the frequent but rather the 

target-oriented use of basic control tools (manifesting in performed micro-actions) is crucial when learning a 

complex learning topic (synaptic plasticity) with an enhanced video-based environment. For example, learners 

who first completely watch the video before starting with the task (interacting with enhanced tools) may need less 

micro-actions to complete the task than learners who directly start with the task and occasionally need to adapt 

initial decisions (e.g., skipping through the video to find appropriate places to add an annotation). Hence, 

frequently performed micro-actions in enhanced video-based environments might not necessarily be related to a 

deep engagement with the content of the learning material which, in turn, may be reflected in objective learning 

success and subjective perception of knowledge gain. This example further shows that micro- and task-actions 

are closely related – not in the sense of a correlation (see results above) – but rather in such a way that basic 

control tools are often used by learners to meaningfully use enhanced tools (e.g., rewind (= micro-action) the video 

to find an appropriate place to add a hyperlink (= task-action)). Thus, a learner’s intention to use an enhanced tool 

not only includes task- but also micro-actions. Behavior sequence analyses could provide deeper insights into 

such intentions: learners’ micro- and task-actions can be combined into meaningful sequences that can be 

associated with learning strategies. Such analyses have – although rarely – been considered in previous research 

on interactive videos (see Sinha, Jermann, Li, & Dillenbourg, 2014). Future research should increasingly exploit 

the potential of behavior sequence analyses for learning with interactive (video) environments.  

Furthermore, we investigated cognitive load (by analyzing both mental load and mental effort) and found 

a negative relation of task-actions with mental load, indicating that students who frequently performed task-

actions perceived the learning material as less difficult than students who made little use of them. In consideration 

of the above described research (Wittrock, 1992; Zahn et al., 2010, 2012; Zahn, 2017), we conclude that frequently 

performed task-actions can lead to a deeper understanding of concepts, which in turn can lead to a lower mental 

load. This could also explain our result suggesting that more performed task-actions increased self-assessed 

knowledge gain (marginal). However, it is important to note that these findings might also be interpreted in the 

other direction (e.g., learners who understand the topic more easily have more capacity available to use the 

enhanced tools meaningfully, which is reflected in a higher number of task-actions). The direction of causality 

should therefore be specifically considered in future work. Moreover, our results showed that enhanced video 

tools that are an important and necessary part of the learning task seem not to negatively impact mental effort (no 

relations found for micro- and task-actions with mental effort). However, these results should be interpreted with 

caution, as we used a not validated single-item scale. Subsequent studies should use standardized and validated 

scales specifically created to measure mental effort. Also, to get further insights into the effects of video 

interaction on cognitive load, future research should consider measurements for intrinsic, extraneous and germane 

load (with validated instruments, see for example Klepsch et al., 2017). 

In sum, we conclude from our results that designs for enhanced video-based learning environments 

should include tools that are task-relevant and explicitly important to the learning task, instead of being optional. 

The frequent use of such tools seems not only to support learning, but also to reduce cognitive load.  
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Conclusion 
The present study examined the impact of video interactions (micro- and task-actions) of learners who interacted 

with an enhanced video-based learning environment on learning success and cognitive load. Our results suggest 

that frequently performed task-actions – that are related to the use of task-relevant enhanced tools – not only 

positively impact learning success but also cognitive load. In summary, our study sheds light on the scientific 

knowledge about the effects of video tools on learning and leads to important practical implications for designing 

enhanced video-based learning environments concerning questions of how task instructions and video tools should 

be integrated. Future research should consider behavior sequence analyses of interaction behavior data for 

additional in-depth analyses of learning strategies by an equal investigation of micro- and task-actions and their 

impact on learning success and cognitive load. We hope this contribution will inspire future research in this 

important area. 

References 
Barron, B. (2003). When smart groups fail. Journal of the Learning Sciences, 12(3), 307–359. 

https://doi.org/10.1207/S15327809JLS1203_1 

Bortz, J. (2005). Statistik für Human- und Sozialwissenschaftler. Springer. https://doi.org/10.1007/b137571 

Cattaneo, A., Nguyen, A. T., Sauli, F., & Aprea, C. (2015). Scuolavisione: Teaching and learning with 

hypervideos in the swiss vocational system. Journal of E-Learning and Knowledge Society, 11(2). 

https://doi.org/10.20368/1971-8829/1015 

Clark, R. E. (1994). Media will never influence learning. Educational Technology Research and Development, 

42(2), 21–29. 

De Jong, T. (2010). Cognitive load theory, educational research, and instructional design: Some food for thought. 

Instructional Science, 38(2), 105–134. https://doi.org/10.1007/s11251-009-9110-0 

Delen, E., Liew, J., & Willson, V. (2014). Effects of interactivity and instructional scaffolding on learning: Self-

regulation in online video-based environments. Computers and Education, 78, 312–320. 

https://doi.org/10.1016/j.compedu.2014.06.018 

Hung, J., & Zhang, K. (2008). Revealing online learning behaviors and activity patterns and making predictions 

with data mining techniques in online teaching. MERLOT Journal of Online Learning and Teaching, 

4(4), 426–437. 

Kafai, Y. B., & Resnick, M. (1996). Constructionism in practice: Designing, thinking, and learning in a digital 

world. In Constructionism in Practice. Lawrence Erlbaum Associates. 

Kalyuga, S., Chandler, P., & Sweller, J. (1999). Managing split-attention and redundancy in multimedia 

instruction. Applied Cognitive Psychology, 13(4), 351–371. https://doi.org/10.1002/(SICI)1099-

0720(199908)13:4<351::AID-ACP589>3.0.CO;2-6 

Kirschner, P. A., Sweller, J., Kirschner, F., & Zambrano, J. R. (2018). From cognitive load theory to collaborative 

cognitive load theory. International Journal of Computer-Supported Collaborative Learning, 13(2), 

213–233. https://doi.org/10.1007/s11412-018-9277-y 

Klepsch, M., Schmitz, F., & Seufert, T. (2017). Development and validation of two instruments measuring 

intrinsic, extraneous, and germane cognitive load. Frontiers in Psychology, 8, 1997. 

https://doi.org/10.3389/fpsyg.2017.01997 

Kozma, R. B. (1994). Will media influence learning? Reframing the debate. Educational Technology Research 

and Development, 42(2), 7–19. https://doi.org/10.1007/BF02299087 

Krauskopf, K., Zahn, C., Hesse, F. W., & Pea, R. D. (2014). Understanding video tools for teaching: Mental 

models of technology affordances as inhibitors and facilitators of lesson planning in history and language 

arts. Studies in Educational Evaluation, 43, 230–243. 

https://doi.org/https://doi.org/10.1016/j.stueduc.2014.05.002 

Leisner, D., Zahn, C., Ruf, A., & Cattaneo, A. (2020). Different ways of interacting with videos during learning 

in secondary physics lessons. In C. Stephanidis & M. Antona (Eds.), International Conference on 

Human-Computer Interaction (pp. 284–291). Springer International Publishing. 

https://doi.org/https://doi.org/10.1007/978-3-030-50729-9_40 

Mayer, R. E. (2005). The Cambridge handbook of multimedia learning (2nd ed.). Cambridge University Press. 

Merkt, M., Weigand, S., Heier, A., & Schwan, S. (2011). Learning with videos vs. learning with print: The role 

of interactive features. Learning and Instruction, 21(6), 687–704. 

https://doi.org/10.1016/j.learninstruc.2011.03.004 

Mirriahi, N., & Vigentini, L. (2017). Analytics of learner video use. In Handbook of learning analytics (Vol. 1, 

CSCL 2021 Proceedings 9 © ISLS



 pp. 251–267). 

Paas, F. G. W. C. (1992). Training strategies for attaining transfer of problem-solving skill in statistics: A 

cognitive-load approach. Journal of Educational Psychology, 84(4), 429–434. 

https://doi.org/10.1037/0022-0663.84.4.429 

Papert, S. (1994). Revolution des Lernens : Kinder, Computer, Schule in einer digitalen Welt (Issue Hannover). 

(Deutsche Ausgabe von: Brosche & Weigmann). Heidelberg, Heise. 

Poquet, O., Lim, L., Mirriahi, N., & Dawson, S. (2018). Video and learning: A systematic review (2007-2017). 

ACM International Conference Proceeding Series, 151–160. https://doi.org/10.1145/3170358.3170376 

Rebetez, C., Bétrancourt, M., Sangin, M., & Dillenbourg, P. (2010). Learning from animation enabled by 

collaboration. Instructional Science, 38(5), 471–485. https://doi.org/10.1007/s11251-009-9117-6 

Sauli, F., Cattaneo, A., & van der Meij, H. (2018). Hypervideo for educational purposes: a literature review on a 

multifaceted technological tool. Technology, Pedagogy and Education, 27(1), 115–134. 

https://doi.org/https://doi.org/10.1080/1475939X.2017.1407357 

Schneider, B., & Pea, R. (2013). Real-time mutual gaze perception enhances collaborative learning and 

collaboration quality. International Journal of Computer-Supported Collaborative Learning, 8(4), 375–

397. https://doi.org/10.1007/s11412-013-9181-4 

Schwan, S., & Riempp, R. (2004). The cognitive benefits of interactive videos: Learning to tie nautical knots. 

Learning and Instruction, 14(3), 293–305. https://doi.org/10.1016/j.learninstruc.2004.06.005 

Schwartz, D. L., & Hartman, K. (2007). It is not television anymore: Designing digital video for learning and 

assessment. In Video research in the learning sciences (pp. 335–348). 

Shin, Y., & Jung, J. (2020). The effects of a visible-annotation tool for sequential knowledge construction on 

discourse patterns and collaborative outcomes. Australasian Journal of Educational Technology, 36(4), 

57–71. https://doi.org/https://doi.org/10.14742/ajet.4875 

Sinha, T., Jermann, P., Li, N., & Dillenbourg, P. (2014). Your click decides your fate: Inferring Information 

Processing and Attrition Behavior from MOOC Video Clickstream Interactions. Proceedings of the 

EMNLP’2014 Workshop, 3–14. 

Stahl, E., Finke, M., & Zahn, C. (2006). Knowledge acquisition by hypervideo design: An instructional program 

for university courses. Journal of Educational Multimedia and Hypermedia, 15(3), 285–302. 

Sweller, J. (1999). Instructional design in technical areas. ACER Press. 

Wilde, M., Bätz, K., Kovaleva, A., & Urhahne, D. (2009). Testing a short scale of intrinsic motivation. Zeitschrift 

Für Didaktik Der Naturwissenschaften, 15, 31–45. 

Wittrock, M. C. (1992). Generative learning processes of the brain. Educational Psychologist, 27(4), 531–541. 

https://doi.org/10.1207/s15326985ep2704_8 

Yousef, A. M. F., Chatti, M. A., Danoyan, N., Thüs, H., & Schroeder, U. (2015). Video-mapper: A video 

annotation tool to support collaborative learning in moocs. Proceedings of the Third European MOOCs 

Stakeholders Summit EMOOCs, 131–140. 

Zahn, C. (2017). Digital design and learning: Cognitive-constructivist perspectives. In S. Schwan & U. Cress 

(Eds.), The Psychology of Digital Learning: Constructing, Exchanging and Acquiring Knowledge with 
Digital Media. (pp. 147–170). Springer International Publishing A. 

https://doi.org/https://doi.org/10.1007/978-3-319-49077-9 

Zahn, C., Barquero, B., & Schwan, S. (2004). Learning with hyperlinked videos - Design criteria and efficient 

strategies for using audiovisual hypermedia. Learning and Instruction, 14(3), 275–291. 

https://doi.org/10.1016/j.learninstruc.2004.06.004 

Zahn, C., Krauskopf, K., Hesse, F. W., & Pea, R. (2012). How to improve collaborative learning with video tools 

in the classroom? Social vs. cognitive guidance for student teams. International Journal of Computer-

Supported Collaborative Learning, 7(2), 259–284. https://doi.org/10.1007/s11412-012-9145-0 

Zahn, C., Pea, R., Hesse, F. W., & Rosen, J. (2010). Comparing simple and advanced video tools as supports for 

complex collaborative design processes. Journal of the Learning Sciences, 19(3), 403–440. 

https://doi.org/10.1080/10508401003708399 

Acknowledgments  
This work was funded by the Swiss National Science Foundation (SNSF) under Grant 100014_176084. The 

authors acknowledge the financial support of the SNSF. 

CSCL 2021 Proceedings 10 © ISLS


	1. CSCL Cover 2021
	2. CSCL Front matter  2021
	Joel Wiebe, University of Toronto, Canada
	Senior Reviewers
	Reviewers
	Acknowledgments

	5. Binded CSCL Long
	086.
	Introduction and related work
	Method
	Study context and description of the data set
	Measures

	Results
	Effects of interaction frequencies on learning success (H1)
	Effects of interaction frequencies on cognitive load (H2)

	Discussion
	Conclusion
	References
	Acknowledgments

	Blank Page
	Blank Page


