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Abstract: 

Millions of educational videos available on YouTube offer unprecedented opportunities for online learning. As it invites 
open-ended and self-paced exploration of almost any topic, Tube has emerged as an important platform for informal 
online learning that occurs outside the formal classroom. A considerable number of studies have been directed toward 
YouTube educational videos. However, research on learner engagement with YouTube educational videos is limited, 
despite the central role of engagement in learning and the increasing popularity of YouTube videos in informal online 
learning. This paper addresses this research gap. We adopt the conceptualization that learner engagement has three 
dimensions – behavioral, emotional, and cognitive - and investigate how the features of segmenting, signaling, and 
weeding (SSW), the three multimedia learning principles, in YouTube educational video presentations collectively 
affect learner engagement in informal online learning. Our analysis shows that different SSW features have various 
associations with the three dimensions of learner engagement. These findings substantiate the empirical knowledge 
of learner engagement with YouTube educational videos. Our study corroborates extant video engagement research 
and extends its relevance to informal learning on social media. It also informs video designers and developers on 
adding video presentation features to optimize video engagement on social media. 

Keywords: Learner Engagement, Educational Videos, YouTube, Segmenting, Signaling, Weeding, Informal Online 
Learning, Social Media. 
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1 Introduction 

YouTube boasts a vast number of videos with educational purposes that provide scientific explanations of 
a phenomenon or demonstrations of an expert procedure. The staggeringly large corpus of YouTube 
educational videos invites self-paced exploration on almost any topic (e.g., applying makeup, computer 
programming, dancing, fixing cars, language, and music). By offering unprecedented learning 
opportunities, YouTube has arguably become a viable venue for learning (Juhasz, 2011; Zhou et al., 
2020). 

A considerable amount of empirical research has been directed toward YouTube educational videos. 
Earlier research has investigated the quality (e.g., Azer et al., 2013) and acceptance of YouTube videos 
(e.g., Lee & Lehto, 2013) as learning tools. More recent studies have probed into learning outcomes, such 
as learner satisfaction (e.g., Hong et al., 2016), perceived learning (e.g., Wang & Chen, 2020), and 
knowledge construction (e.g., Dubovi & Tabak, 2020). However, research on learner engagement with 
YouTube videos is scarce. 

Understanding learner engagement with YouTube videos is critical. Engagement is an essential aspect of 
any learning context and a prerequisite for learning (Bulger et al., 2008). Growing evidence shows that 
engagement is pivotal in video-based learning (Seo et al., 2021) and online learning (Martin et al., 2020). 
A higher level of engagement is associated with positive learning experiences (Mello, 2016). In contrast, 
disengagement has been linked to adverse effects on learning outcomes (Hershcovits et al., 2020). Given 
the central role of engagement in learning (Fredricks et al., 2004) and increasing interest in video-based 
learning in online settings (Sablić et al., 2021), systematic research on learner engagement with YouTube 
videos is urgently needed. 

This study answers this call. Specifically, we look into learner engagement with YouTube videos in 
informal online learning. While formal learning occurs in educational institutions that award credentials, is 
instructor-led, and cover an organized curriculum, informal learning is not externally mandated but is 
learner-controlled, exploratory, and self-directed (Greenhow & Lewin, 2016). YouTube videos not only 
complement and supplement student learning in the formal classroom (Clifton & Mann, 2011; Buzzetto-
More, 2015) but also inform people who seek information and knowledge informally (Allgaier, 2019). They 
are prevalent in informal online learning (Tan, 2013, Lee et al., 2017), unstructured learning that takes 
place in a virtual space outside the formal classroom, as they meet the need for just-in-time, self-regulated 
access to distributed information as well as for flexible use of this information according to the individual’s 
interests and needs (Hong et al., 2016). YouTube can also facilitate informal online learning by finding 
people with similar interests, sharing information and idea, and learning from each other (Vizcaíno-Verdú 
et al., 2019). As such, people are increasingly turning to YouTube for informal online learning (Lange, 
2019). Yet, a recent review indicates that most research is dedicated to YouTube in formal learning, 
especially at the college level (Shoufan & Mohamed, 2022). 

In this study, we look into informal online learning on YouTube. Drawing up the multimedia learning 
literature, we investigate the effects of segmenting, signaling, and weeding (SSW), three principles of 
multimedia learning (Mayer 2009), on learner engagement with YouTube videos in informal online 
learning. Segmenting breaks the learning materials into smaller pieces; signaling adds cues to highlight 
the essential elements in the learning material; weeding eliminates distracting and irrelevant information 
that does not contribute to the learning goal (Mayer, 2009). We choose to study SSW because of their 
particular relevance to informal online learning. Compared with formal learning, informal learning lacks 
support from instructors, which increases the demand to control the information load and identify relevant 
information on the learners. We argue that SSW can support engagement by managing information load, 
directing attention, and making more cognitive resources available for processing information. We identify 
video features that embody SSW, theorize their effects on learner engagement, and test the hypotheses. 

Our study fills a gap in research on learner engagement with YouTube educational videos in informal 
online learning. By revealing the effects of video features, this study contributes to understanding 
engagement with social media videos in the learning context. In addition, it extends the application of 
SSW from learning outcomes to engagement, the antecedent of learning outcomes. Our findings can also 
inform educational video designers and developers to optimize engagement with the appropriate use of 
video features, create more conducing learning tools, and make more positive learning experiences on 
social media. They can help better understand and anticipate the reaction to the educational content and 
manage social media presence more effectively. 
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The rest of the paper is organized as follows. Section 2 reviews related work on learner engagement, 
educational videos, and multimedia learning and SSW. Section 3 proposes the research hypotheses. 
Section 4 describes the method, including sampling and measurement. Section 5 presents the analysis 
and results. Section 6 discusses the paper’s research contributions, practice implications, limitations, and 
future research. Section 7 concludes the paper. 

2 Related Work 

2.1 Learner Engagement 

Engagement is a key construct in the learning literature (Fredricks et al., 2004). It has been extensively 
studied since the 1980s (Appleton et al., 2008). Various conceptualizations have emerged, and 
engagement in learning has been defined in many different ways. While earlier work conceives 
engagement as a unidimensional construct (McIntyre et al., 1983), more recent research views it as multi-
dimensional (Furlong et al., 2003). Engagement dimensions are often categorized into behavioral, 
emotional, and cognitive (Fredricks et al., 2004). 

The behavioral dimension is tied to participation and involvement in educational activities and includes 
attending classes, listening to lectures, and completing assignments (Fredricks et al., 2004). The 
emotional dimension encompasses positive and negative reactions to learning content and context (Xu et 
al., 2020). The former refers to learners’ interest, enjoyment, boredom, and anxiety for learning activities, 
and the latter involves their feelings towards the instructor, peers, course, and the learning environment 
(Fredricks & McColskey, 2012). Cognitive engagement is often interpreted as learners’ mental investment 
in the learning experience (Furlong et al., 2003). It describes the extent to which learners are willing to 
undertake the learning task and how long they persist in learning (Skinner & Pitzer, 2012) and is, 
therefore, linked directly to achievement (Greene, 2015). When cognitively engaged, learners are 
attentive, work hard, and strive to master the intended knowledge and skills (Fredricks et al., 2004). 

Research from past decades in formal learning shows that learner engagement has short-term and long-
term impacts on students (Hew, 2016). In the short term, learner engagement is predictive of grades and 
conduct in school (Voelkl, 1997). In the long run, learner engagement can be linked to individual 
achievement and self-esteem (Maddox & Prinz, 2003). Learner engagement is also found to be affected 
by factors related to the learner (e.g., personal interest or curiosity), the instructor (e.g., instructor 
accessibility and passion), and the course design (e.g., opportunities for peer interaction) (Breslow et al., 
2013; Fredricks et al., 2004). 

Based on the literature, this study construes learner engagement as the amount of attention, interest, 
emotional energy, and mental resources invested in learning (Jensen et al., 2016). We consider informal 
online learning with YouTube educational videos as intentional, as learners have the purpose of learning 
something even before the learning process begins and as conscious as the learner is aware that they 
have learned something. We view engagement in informal online learning with YouTube educational 
videos as behavioral, emotional, and cognitive connections with the video and peers on YouTube. 

2.2 Educational Videos 

The advances in information technology, particularly the affordance of mobile phones to phones to record, 
disseminate, and access video, have made videos very popular. The explosive growth of social media 
platforms explicitly formed around videos (e.g., YouTube) has also given rise to videos on social media. 
Videos nowadays permeate the increasingly digital world. They are of growing relevance in many areas, 
including but not limited to digital marketing (Tafesse, 2020), e-commerce (López-Nores et al., 2013), and 
gaming (Huang et al., 2019). 

Educational videos have been widely studied in the 1970s and 1980s and remain a topic of interest in 
certain communities, like vocational training and professional development (Bétrancourta & Benetosa, 
2018). Thanks to advances in digital technologies in the past two decades, video has made a remarkable 
comeback in education. Educational videos are now used as a content resource and play a pivotal role in 
the advent of the flipped classroom and Massive Open Online Courses (MOOCs). 

The popularity of videos in learning has reignited research interest in educational videos. The dominant 
dependent variables are related to the learning outcomes (e.g., perceived learning, information recall, 
knowledge transfer, and learner satisfaction). Most studies have investigated how one particular video 
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feature, such as social interaction (Andel et al., 2020), instructor presence (van Wermeskerken et al., 
2018), and camera viewpoint (Boucheix et al., 2018), affects learning outcomes measured by test 
performance. They are conducted primarily in the laboratory using short multimedia examples and with 
college students as research participants. Research on YouTube educational videos mainly adopts the 
field study method to understand the relationships between learner factors (e.g., interest, self-efficacy) 
and perceived learning outcomes by learners via surveys (e.g., Hong et al., 2016) and interviews (e.g., 
Wang & Chen, 2020). 

A growing but limited number of studies have taken learner engagement as a focal variable in online 
learning (e.g., Guo et al., 2014; Hew, 2016; Albó et al., 2019; Shao & Chen, 2021). They examine the 
factors contributing to learner engagement with videos in different courses in formal learning. Their 
findings corroborate that factors related to the learner, instructor, and course are associated positively with 
learner engagement with videos in online learning (Hew, 2016; Shao & Chen, 2021). More importantly, 
they also reveal that video features can affect learner engagement. For example, Guo and colleagues 
(2014) observe that informal talking-head and Khan-style videos are more engaging than pre-recorded 
classroom lectures, PowerPoint slides, or code screencasts in MOOCs. They also discover that 
engagement increases when the video is short (Guo et al., 2014). We continue this line of research on 
video features by probing into SSW features in the multimedia learning literature. 

2.3 Multimedia Learning and Segmenting, Signaling, and Weeding 

Educational videos fall under the umbrella of multimedia learning, which combines different media (e.g., 
text, sound, graphics, and amination) into learning. In multimedia learning, learners are exposed to three 
types of cognitive load - intrinsic, extraneous, and germane (Sweller, 1988; Sweller, Van Merrienboer, & 
Paas, 1998). Intrinsic load (aka essential processing) is related to the difficulty of the subject under study 
(i.e., the learning content). Extraneous load (aka incidental processing) is evoked by the learning material 
but does not directly contribute to learning. Germane load (aka generative processing) is the level of 
cognitive activity necessary to reach the desired learning outcome imposed by learning processes. 
Moreover, learners actively carry out a coordinated set of cognitive processes during multimedia learning. 
They engage in three different cognitive processes: (1) selecting - paying attention to important elements 
in the learning materials for further processing; (2) organizing - mentally incorporating the new information 
into a coherent cognitive structure; (3) integrating - mentally connecting the new information with existing 
relevant knowledge (Mayer, 2003; 2009). 

Multimedia material is more likely to create a meaningful learning experience if the material is developed 
with the above cognitive loads and processes in mind. In multimedia learning, information comes from the 
verbal (auditory) channel and the visual (ocular) channel concurrently. The dual-channel information 
processing can incur a heavy cognitive load (Mayer, 2009). The continuous flow of information in the 
video also generates a heavy cognitive load due to the lack of information permanence (Leahy & Sweller, 
2005). As humans can only process a limited amount of information at any given moment, the heavy 
cognitive load needs to be managed to facilitate learning. The intrinsic cognitive load should be carefully 
structured, especially when the material has a high intrinsic load; the extraneous load should be 
minimized, and the germane load should be optimized. The cognitive processes of selecting, organizing, 
and integrating should be supported to maximize learning effectively. To this end, various multimedia 
learning principles are distilled to help design multimedia materials better aligned with the human cognitive 
structure and process (Mayer 2003, 2009). In this study, we tap into three of them - segmenting, signaling, 
and weeding (SSW).  

Segmenting can reduce the cognitive load by allowing learners to access information presented in 
segments rather than in one long continuous stream. This principle can be implemented by giving learners 
control over how they interact with the video. For example, learners can modify the pace of video 
presentations by selecting the content (Scheiter & Gerjets, 2007) and clicking a pause button (Biard et al., 
2018). Segmenting can also be implemented by system-paced segmentation of the information flow 
(Wouters et al., 2007) imposed by the video. System-paced segmentation can be achieved by breaking 
the video into shorter segments with a break in-between (Ibrahim et al., 2012). Both learner control and 
system-paced segmentation aim to regulate the amount of information exposed to learners. 

The signaling principle stipulates that humans learn better when shown precisely what to pay attention to 
on the screen. It is implemented by adding cues that signal the main ideas and concepts of the learning 
material (Mayer, 2003). Signaling does not provide new information or change the content of the learning 
materials. Instead, it manipulates the visuospatial characteristics of the learning materials to draw 



Communications of the Association for Information Systems  

 

  Accepted Manuscript 

 

attention to essential elements of the visual representation. Generally, signaling can be text- or picture-
based (Mayer, 2009). Text-based signals consist of texts that are inserted into learning materials. They 
include but are not limited to headings, summaries, and typographical cues (Lorch, 1989). Picture-based 
signals, also known as visual signals, include explicit symbols (like arrows) and techniques (like flashes) 
overlaid onto a graphic. They can be shapes, dynamic lines, highlight coloring, or moving dots added in 
the video. 

The weeding principle, also known as the coherence principle, states that humans learn better when 
extraneous, distracting material is not included. It suggests that all visual and audio elements must directly 
support learning goals. Any information irrelevant to the learning goal can negatively affect cognitive 
processing and should be excluded from the materials. Extraneous information should be eliminated, even 
if it contains interesting and potentially motivating elements, such as illustrations, music, or sounds 
(Moreno & Mayer, 2007). Mayer and Moreno (2003) use the term “weeding” as the need to uproot video, 
graphics, words, or sounds that are not central to the learning objective. 

SSW have received extensive research over the years in educational videos. Empirical research has 
demonstrated that when applied individually (e.g., Biard et al., 2018; Wang et al., 2020) or collectively 
(e.g., Ibrahim et al., 2012), SSW can effectively improve learning outcomes. Like other research on 
educational videos, the research on SSW is exclusively interested in learning outcomes and is carried out 
in experiments with college students in formal learning settings. In fact, the multimedia learning literature 
generally focuses on learning outcomes with the experiment research method (Mayer, 2009). This study 
investigates the effects of SSW on learner engagement, the antecedent of learning outcomes in informal 
online learning on YouTube. We pose the following research question: How do SSW affect learner 
engagement with YouTube educational videos in informal online learning? 

3 Hypothesis Development 

Learners execute the three cognitive processes of selecting, organizing, and integrating by sharing 
attention between them (Barrouillet & Camos, 2007). They also need to pay attention to processing new 
information. They do so by quickly and repeatedly switching their attention back and forth between the 
three different cognitive processes. Segmenting limits the incoming information, minimizes the need to 
switch attention constantly, and enables learners to devote their attention to maintaining the information 
shown in the video. That is, segmenting facilitates more attention in both maintaining and processing the 
learning material. As attention is central to engagement (O’Brien & Toms, 2008), segmenting supports 
engagement. 

Segmenting can have additional effects on engagement. As suggested by prior research (Jacques et al., 
1995), if learners do not feel the video is navigable or uncomfortable with its structure, they will not be 
sufficiently engaged to continue to watch it. Learner control allows learners to select the content. Enabling 
learners to skip certain parts they already understand and jump to another part they want to work on 
more, learner control allows learners to adjust the presentation pace to their individual needs. As such, 
learner control supports more mental resources for processing and consolidating the learner-perceived 
important information. As they allocate more mental resources, a key aspect of engagement (Jensen et 
al., 2016), learners are more engaged in learning. 

Furthermore, segmenting has an impact on cognitive load. Segmenting divides the learning content into 
more intellectually manageable chunks and lowers the intrinsic load. As intrinsic load is reduced, more 
mental resources are available for generative processing (germane load). Taking all the above together, 
we expect that segmenting enhances learner engagement. 

Hypothesis 1: Segmenting is associated positively with learner engagement. 

Properly using signals can guide learners’ attention to facilitate the selection and extraction of essential 
information (de Koning et al., 2009). Studies have suggested that signals capture and hold attention 
(MacInnis et al., 1991). Textual signals (e.g., typographical signals such as italics and boldface) direct 
learners’ visual attention (i.e., viewing pattern) to relevant words, making the words and the concepts they 
describe visually distinguishable from other text (Mautone & Mayer, 2001). Likewise, visual signals 
purposefully lead the learners’ eyes to the prominent features on the screen (Wang et al., 2020). 
Furthermore, textual and visual signals can both strengthen the tendency to maintain attention to the 
selected elements, as research shows that learners who studied the signaled materials attended longer 
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and more frequently to relevant parts than learners who studied the non-signaled materials (Ozcelik et al., 
2010; Jamet, 2014). 

Signaling emphasizes particular aspects of the visual display and simplifies learners’ decisions about 
which information is relevant. It reduces visual search and the unnecessary load associated with locating 
relevant information in the selecting cognitive process. By lowering extraneous processing (extraneous 
load) in the perceptual processing (i.e., selecting), signaling frees more cognitive resources for generative 
processing (germane load) in the conceptual processing (i.e., organizing and integrating). 

Moreover, signaling can support the cognitive process of organizing and integrating directly. Textual 
signals can cue the structure of the materials and help with information organization. For example, 
headings are helpful with topic shifts and connections (Lorch & Lorch, 1996). They may also label the 
main concepts and contribute to constructing a globally coherent representation of the materials (Mautone 
& Mayer, 2001). Similarly, visual signals can highlight an objective’s (sub)parts and their spatial 
connection (Tversky et al., 2002) and link to the corresponding textual information (Huk & Steinke, 2007). 

Furthermore, visual signals can represent unclear or overly implicit relations in the presentation. Research 
has shown that visual cues can explicate temporal relations (Lowe & Boucheix, 2007), illustrate causal 
relations (Tversky et al., 2000), and demonstrate associations (Shah et al., 1999). In other words, visual 
signals can effectively indicate links between related elements and help build an integrated mental 
representation, thus supporting the integrating cognitive process. As the on-screen use of signals can 
induce more mental resources for the conceptual processing of learning content, we predict that signaling 
increases engagement. 

Hypothesis 2: Signaling is associated positively with learner engagement. 

Including irrelevant information competes for limited cognitive resources and often primes learners for 
incidental processing (extraneous load). Weeding can reduce the extraneous load by improving relevance 
and free up more mental resources for essential and generative processing (intrinsic and germane loads). 
Thus, we propose the following hypothesis: 

Hypothesis 3: Weeding is associated positively with learner engagement. 

4 Methods 

4.1 Data Collection 

We chose to study learner engagement with YouTube science videos because YouTube has emerged as 
a fertile ground for informal online learning of conceptually rich domains such as science (Dubovi & 
Tabak, 2020). YouTube has indeed become a viable tool for distributing scientific knowledge to the 
general public (Kohler & Dietrich, 2021). We sampled YouTube videos on 20 physics and astronomy 
topics, such as the big bang, black holes, dark energy, and quantum gravity. Learners of the sampled 
YouTube videos voluntarily wanted to educate themselves and enhance their knowledge. They had 
different levels of domain knowledge and pursued a common interest in the physics and astronomy topic 
covered in the YouTube video. 

We searched the YouTube site with the topic name (e.g., dark energy) as a search term and followed the 
research precedence (e.g., Cranwell et al., 2015) to include the first 40 English-speaking videos with an 
educational focus rated by the YouTube ranking algorithm. While YouTube’s search algorithm exhibits 
enough video variation within the top 20 search results (Rieder et al., 2018), the first 40 videos would 
further the variation and better represent the educational videos. 

Next, each video was assigned a number on the seven-Likert scale (one stands for least popular and 
seven for most popular) based on its ranking from the YouTube search. We put the top five or six search 
results on the Likert scale of 7 (most popular), the next five or six on the Likert scale of 6 (more popular), 
so on and forth, and finally, the bottom five or six on the Likert scale of 1 (least popular). Then we 
randomly picked one video on each Likert scale. Seven videos were chosen for one topic to represent the 
40 videos at different points of the popularity spectrum. This process was conducted across all 20 topics. 
In total, 140 videos were included for data analysis. 
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4.2 Measurement 

Learner engagement is most often gauged by learners’ perceptions of their learning experiences. Scales 
have been developed to elicit self-reports (e.g., Appleton et al., 2006). Some have also observed learners’ 
overt learning behaviors to infer engagement (Chi & Wylie, 2014). Fewer studies have examined 
engagement through physiological measures such as eye-tracking (e.g., Jensen et al., 2016). We 
measured engagement by coding observable social media activities, such as viewing, voting, and 
commenting, as social media analytics are widely used in research on engagement on social media (e.g., 
Liikkanen & Salovaara, 2015; Khan, 2017; Oh et al., 2017; Xu et al., 2019). 

The number of views shows how many times a video has been watched and is suitable to proxy the 
behavioral engagement that focuses on attendance. On YouTube, the voting control, which includes 
thumbs-up (likes) and thumbs-down (dislikes), allows viewers to express their feelings toward viewing 
experiences. Like indicates positive feelings and dislike negative feelings. The number of votes (the sum 
of the number of likes and dislikes) was used to operationalize emotional engagement. 

In formal online learning, online discussions can detect cognitive engagement, as they indicate learners’ 
attention to and analysis and synthesis of the learning material (Zhu, 2006). However, online discussions 
on YouTube (YouTube comments) do not all reflect the mental resources invested in learning as cognitive 
engagement is conceptualized in this study. Some of the different categories of YouTube comments (e.g., 
information, opinion, response, general conversation, and site process) (Madden et al., 2013) are 
unrelated to cognitive engagement. For example, the general conversation category includes greetings, 
thanking, giving, and requesting personal information. 

To better capture cognitive engagement, we tapped into Reddit comments. Reddit is one of the most 
popular platforms for content sharing and discussion. Users can post news, questions, and other 
information in the form of text, images, links, and videos. Posts are organized by subject into user-created 
boards called "communities" or "subreddits". Users can also comment on posts. Comments consist of 
different perspectives and interpretations from users and help them analyze and engage with the content. 
Comments are a vital and valuable feature of Reddit.  

Though some Reddit comments have content related to non-topic socializing (e.g., “great feedback”) and 
subreddit rules and norms (e.g., “this post doesn’t belong here”), the vast majority of Reddit comments 
focus on seeking information, commenting on previous comments, adding new ideas or facts to the 
discussion, and supporting answers through providing references. A content analysis of the AskScience 
subreddits shows that all these comments had content related to explanation with disagreement, 
explanation with agreement, explanation with neutral presentation, information seeking, or providing 
resources (Haythornthwaite et al., 2018). As viewers use Reddit comments to explain, discuss, explore, 
and debate video content, Reddit comments indicate cognitive engagement. 

Moreover, Reddit has a much higher contributory level than YouTube. While YouTube is a social 
networking site for video viewing, the uptake by viewers has been mainly as consumers, simply watching 
the videos posted rather than contributing as registered account holders (Chau, 2010). Reddit is a 
discussion forum with a high contributory level. Compared with YouTube comments (Figure 1), Reddit 
comments (Figure 2) are more extended and in-depth exchanges of information and ideas. The lengthy 
and vibrant discussions on Reddit demonstrate the learners’ mental efforts in learning, thus indicating 
cognitive engagement. 
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Figure 1. YouTube Comments Screenshot 

 

 

Figure 2. Reddit Comments Screenshot 

The number of Reddit comments was used as a proxy for the cognitive dimension of learner engagement. 
The data on Reddit comments were captured via vidIQ (Purcariu, 2015). VidIQ is a certified YouTube 
service provider that offers tools for analytics, keyword research, video optimization, comment 
management, thumbnail generation, bulk updates, data updates, etc. We used the analytics tool through 
the VidIQ browser extension to get the number of Reddit comments for each sampled video. The browser 
extension identifies each video by its URL and displays the video metrics with the vidIQ Scorecard. Of the 
various sections on the vidIQ Scorecard, the Social section shows the video’s engagement statistics on 
YouTube, Facebook, and Reddit (see Figure 3 for an illustration). We obtained the number of Reddit 



Communications of the Association for Information Systems  

 

  Accepted Manuscript 

 

comments from the Social section of the vidIQ Scorecard. Our analysis of YouTube content on another 
social networking platform is not uncommon for research in YouTube educational videos. For example, 
YouTube educational videos are examined via student Facebook activities (Tan, 2013). 

 

Figure 3. The Social Section of vidIQ Scorecard (Source: https://vidiq.com/features/scorecard/) 

All the sampled YouTube videos flowed continuously, and we did not detect system-paced segmentation. 
YouTube supports the playback function, which allows the viewers to pause the video at any time to focus 
on or review specific segments of the video or jump to a different point in time. The statistics of the usage 
of the playback function were unavailable, so we could not measure this type of learner-paced 
presentation. Instead, we measured learner control with the number of key moments. 

Key moments highlight the chapters of the videos. Google algorithm is now trained to break up a video 
into key moments. Key moments are displayed in Google Search for the video, showing a timestamp 
indicating where that moment starts and a label describing what happens at that moment (see Figure 4 for 
an illustration). Viewers can scan key moments and locate and access specific information from the video. 
A simple click on any key moments in the video will take the viewer to the specific section. We searched 
the video link of each sampled video on Google. Out of the 140 sampled videos, 29 did not display key 
moments. We captured the number of key moments for 111 videos. 

 

Figure 4. Key Moments Screen Shot 

Signaling was measured by the presence of textual and visual signals. Figure 5 and Figure 6 show an 
example of textual and visual signals, respectively. Each video was checked manually for the presence of 
signals. A video was coded as 0 if no textual signal was present and 1 otherwise. The same procedure 
was applied to visual signals as well. The manual tracking of signaling was time-consuming but not 
especially difficult due to the binary nature of the signaling feature. 
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Figure 5. Textual Signal Screenshot 

 

Figure 6. Visual Signal Screenshot 

For weeding, we identified one video feature – card - that is not directly relevant to the content covered in 
the video. YouTube cards are clickable elements that can be placed at any point in the YouTube video. 
They can be used to promote a channel (channel cards), add links to associated websites, merchandise 
sites, or crowdfunding pages (link cards), or guide your viewers to any other videos or playlists that are 
publicly available on YouTube (video or playlist cards). They appear on the top right-hand corner of the 
screen while the video is streaming. When viewers click on the YouTube card, it will expand to showcase 
links to other videos, playlists, channels, or external web pages. Up to five cards can be added to each 
video and they can be used in any video. Figure 7 shows the screenshot of a card that features a video. 
YouTube cards are not essential to the video content, only functioning to make the video more interactive 
by adding interactive components. We watched each video to check the use of cards. A video was coded 
as 1 if no card was present and 0 otherwise. 
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Figure 7. Card Screenshot 

We also controlled several variables. Video length (minutes) and narration speed (words per minute) were 
controlled as prior research shows that they can affect learner engagement with educational videos (Guo 
et al., 2014). We also controlled video resolution and loudness because they impinge upon the popularity 
of YouTube educational videos (ten Hove & van der Meij, 2015). We used the default decibel to indicate 
loudness. The YouTube default decibel is measured by decibels relative to full scale (dBFS), where 0 
dBFS is the maximum digital signal level. In addition, given that older videos have had a more extended 
period to accumulate responses, the number of days since posted (the time interval between the posting 
date of a video and the day the video was sampled) was also used as a control variable. 

Summarized in Table 1 are the variables and their measurements. 

Table 1. Variables and Measurements 

Variable Measurement Data Type Source 
 
Learner 
Engagement 

behavior engagement # YouTube views discrete YouTube  
emotional engagement # YouTube votes  discrete YouTube  
cognitive engagement # Reddit comments discrete vidIQ  

 
 
SSW 

segmenting # key moments discrete manual coding 
textual signaling presence of headings, summaries, 

typographical cues, etc. 
binary manual coding 

visual signaling presence of shapes, dynamic lines, 
highlight coloring, moving dots, etc. 

binary manual coding 

weeding presence of YouTube cards binary manual coding 
 
Control 

days posted # days between video posted and 
sampled 

discrete manual coding 

video length # minutes continuous YouTube  
resolution # pixels continuous YouTube 
loudness default decibel continuous YouTube 
narration speed # words/minute continuous vidIQ 

5 Methods 

5.1 Assumption Check 

We ran three multiple linear regression models to test our hypotheses. The number of YouTube views 
(behavioral engagement), the number of YouTube votes (emotional engagement), and the number of 
Reddit comments (cognitive engagement) are the dependent variables (DVs). The DVs measured at a 
ratio scale can take on an infinite number of values. It was reasonable to treat their discrete values as 

continuous. The normal distribution can be assumed if skewness is between ‐2 to +2 and kurtosis is 

between ‐3 to +3 (Hair et al., 1998). Descriptive analysis showed that the four DVs had skewness and 

kurtosis values greater than the suggested normality thresholds. Therefore, a log transformation was 
performed on the three DVs. The summary statistics of the transformed DVs and other variables are 
presented in Table 2. 
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Table 2. Descriptives 

 Variable Mean St.dev Max Min Skewness Kurtosis 

IVs # key moments 7.89 2.83 16 1 -.68 -.11 

presence of textual signals .80 .40 1 0 -1.52 .31 

presence of visual signals .76 .42 1 0 -1.25 -.42 

presence of cards .75 .48 1 0 .61 -1.65 

DVs # YouTube views (log) 11.32 2.97 16.17 4.62 -.34 -.82 

# YouTube votes (log) 7.22 3.10 12.46 1.09 -.26 -1.03 

# Reddit comments (log) 2.12 1.52 7.93 .69 1.78 3.10 

Control days posted 49.14 29.57 100 1 -.071 -1.26 

video length 28.37 30.01 105.55 2.23 1.15 -.182 

resolution 1193.13 228.91 1280.72 320.24 -2.48 2.87 

default decibel -2.94 4.47 4.80 -21.70 -1.27 2.42 

narration speed 147.43 37.83 214.40 0 -2.05 3.98 

 

The three models took the number of key moments, presence of textual signals, presence of visual 
signals, and presence of cards as independent variables (IVs). Table 3 presents the study variables’ 
bivariate correlations (Pearson’s r). All correlations between IVs were well below the 0.7 thresholds (Hair 
et al., 2010), indicating that multicollinearity is not a cause for concern. The variance inflating factors (VIF) 
of IVs were less than two, indicating the absence of multicollinearity. 

Table 3. Correlations 

  1 2 3 4 5 6 7 8 9 10 11 12 

1 # key moments -            

2 presence of textual signals .150 -           

3 presence of visual signals -.097 .043 -          

4 presence of cards -.025 -.010 .144 -         

5 # YouTube views (log) -.019 -.022 .491** .396** -        

6 # YouTube votes (log) -.141 .012 .508** .466** .953** -       

7 # Reddit Comments (log) .058 .014 .344** .281** .667** .704** -      

8 days posted .010 -.151 -.125 -.204* .117 .005 .009 -     

9 video length .484** .094 -.122 -.390** -.384** -.475** -.283** .071 -    

10 resolution -.099 .106 .329** .285** .216* .300** .188* -.382** -.354** -   

11 default decibel -.175 -.039 .119 -.015 .113 .142 .204* .119 -.246** -.090 -  

12 narration speed .029 .007 .310** .040 .138 .180 .096 -.121 -.047 .126 .195* - 

Notes: 
*. Correlation is significant at the 0.05 level (2-tailed). 
**. Correlation is significant at the 0.01 level (2-tailed). 

5.2 Hypothesis Testing 

Table 4 reports the standardized coefficients of segmenting, signaling, weeding, and control variables 
from the three models with behavioral, emotional, and cognitive engagement as the DV. Model 1 has the 
number of YouTube views (behavioral engagement) as DV. H1 is rejected as the number of key moments 
(segmenting) does not significantly influence the number of YouTube views. The coefficient of visual 
signaling is 0.465 (p < .001), and textual signaling has an insignificant coefficient. Therefore, H2 is partially 
supported. H3 is supported as card (weeding) has a significant coefficient of -0.274 (p < 0.01). Of the 
control variables, days posted and video length are significant, with the coefficient of 0.158 (p < 0.05) and 
-.292 (p < 0.01), respectively. 
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Table 4. Results from Multiple Linear Regression Models 

 Model 1 Model 2 Model 3 

Behavioral 
Engagement  
(# YouTube Views) 

Emotional 
Engagement  
(# YouTube Votes) 

Cognitive 
Engagement  
(# Reddit Comments) 

                     Variable Beta p Beta p Beta p 

Segmenting # key moments .069 .429 -.070 .393 .251 .015 

Signaling presence of textual signals .016 .830 .042 .554 .007 .938 

presence of visual signals .465 .000 .437 .000 .310 .002 

Weeding presence of cards -.274 .002 -.296 .000 -.151 .127 

Control days posted .251 .003 .158 .041 .083 .387 

video length (minutes) -.292 .005 -.358 .000 -.276 .021 

resolution -.022 .810 .002 .979 .020 .852 

default decibel -.045 .574 -.019 .807 .137 .148 

narration speed (words/minute)  .008 .915 .036 .627 -.046 .621 

Adjusted R2 .462  .562 .269 

 

Model 2 has the number of YouTube votes (emotional engagement) as DV. The number of key moments 
(segmenting) does not have a significant coefficient, and thus, H1 is rejected. Visual signaling significantly 
correlates with the number of votes (beta = 0.437, p < 0.001). Textual signaling is insignificant in 
predicting the number of votes. As such, H2 is partially supported. H3 is supported as card (weeding) has 
a significant coefficient of -0.296 (p < 0.001). Of the control variables, days posted and video length are 
significant, with coefficoefficients0.251 (p < 0.01) and -.358 (p < 0.001), respectively. 

Model 3 has the number of Reddit comments as DV. H1 is supported with a significant coefficient of the 
number of key moments (segmenting) (beta = 0.251, p < 0.05). Again, the results of signaling are mixed. 
Visual signaling is a significant predictor (beta =0.310, p < 0.01), but textual signaling is not. H3 is not 
supported as card has an insignificant coefficient. Of the control variables, only video length is significant 
(beta = -0.276, p < 0.05). 

5.3 Summary of Results 

Table 5 summarizes the results of the hypotheses testing. It is clear from the results that the various SSW 
features are associated with different dimensions of learner engagement with YouTube educational videos. 
Segmenting contributes only to cognitive engagement. The presence of visual signaling effectively 
induces all three dimensions of learner engagement. Surprisingly, the appearance of textual signaling 
does not affect learner engagement. One possible explanation is that textual signals fail to capture 
attention and facilitate information organization. Video allows the simultaneous presentation of visual and 
auditory information and supports multiple channels of information acquisition and processing. All these 
different external representations compete for limited attention. Visual signals have the visual salience that 
forcefully directs attention and produces engagement. In comparison, textual signals may not be strong 
enough to counter the more powerful directions of attention from the video’s dynamics. As a result, it may 
not free up cognitive resources. It is also possible that the freed-up cognitive resources are not sizable 
enough to affect learner engagement. 
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Table 5. Summary of Hypotheses Testing Results 

 Behavioral engagement 
(# YouTube views) 

Emotional engagement 
(# YouTube votes) 

Cognitive engagement 
(# Reddit comments) 

H1 segmenting - # key moments   +* 

H2 signaling – textual signal    

H3 signaling – visual signal +*** +*** +** 

H4 weeding - card -** -***  

Note: + significant positive effect; - significant negative effect 
         * significant at the 0.05 level; ** significant at the 0.01 level; *** significant at the 0.001 level 

Weeding is significantly associated with behavioral and emotional engagement, but the direction of 
association is opposite to what we have hypothesized. This difference may be explained in terms of 
learners’ characteristics. The effects of the coherence principle on learning outcomes (e.g., knowledge 
retention and transfer) have been empirically verified in controlled laboratory studies with learners with 
little prior knowledge and limited interest in the domain of instruction (e.g., Mayer et al., 2001; Ibrahim et 
al., 2012). However, empirical research in authentic online learning settings reveals extra interesting but 
irrelevant information on educational videos does not result in lower learning achievement as the learners’ 
prior knowledge and interest level may mitigate the effects of the coherence principle (Muller et al., 2008). 
The learners in our study are primarily physics and astronomy enthusiasts with domain knowledge and 
intrinsic motivation. YouTube cards offer them opportunities to explore their interest more on the Internet 
and, as a result, contribute positively to learner engagement. 

Contrary to prior research (Guo et al., 2014; ten Hove & van der Meij, 2015), our study does not find 
significant effects of video resolution, loudness, and narration speed on learner engagement. This result 
may be attributed to the sampled videos’ reasonable resolution, default decibel, and narration speed, 
which do not distract learners. Our study confirms the earlier finding (Guo et al., 2014) that learners are 
more engaged with shorter videos. Finally, though it exhibits significant associations with behavioral and 
emotional engagement, the number of days since posted does not affect cognitive engagement. 

6 Discussion 

6.1 Research Contributions 

Our study improves the understanding of learner engagement and multimedia learning principles. It 
makes several contributions to the literature on learner engagement with educational videos. First, our 
study expands the perspectives of video engagement in learning. Extant research approaches learner 
engagement with educational videos mainly from a behavioral standpoint. For example, engagement is 
indicated by the number of videos watched (Albó et al., 2019) and the time students spend watching 
videos (Guo et al., 2014). Our study goes beyond the one-dimension view and captures emotional and 
cognitive engagement along with behavioral engagement. The multiple dimension perspective is valuable 
for future research in engagement with educational videos from different platforms in various educational 
contexts. 

Second, our study furthers the measurement of learner engagement in online settings. Engagement in 
learning on social media is often measured by surveying learners’ learning experiences (e.g., Hong & 
Gardner, 2019) or analyzing online discussions and postings (e.g., Xu et al., 2020). We assess 
engagement via social media analytics. As learners’ digital tracks (e.g., viewing and discussion behaviors) 
on social media are captured and stored, our analytics approach can be adapted to measure learner 
engagement on other social media platforms (e.g., Facebook and WeChat). 

Third, our study advances the knowledge of the factors that affect engagement with educational videos in 
informal online learning. Prior research of educational videos in the online video-based learning 
environment reports that student factors (e.g., personal interest or curiosity), instructor factors (e.g., 
instructor accessibility and passion), course design factors (e.g., opportunities for peer interaction) 
contribute to learner engagement in course setting (Breslow et al., 2013; Hew, 2016; Hattingh, 2017). Our 
study demonstrates the impacts of video presentation on engagement with videos in informal learning. It 
provides empirical evidence that segmenting can enhance cognitive engagement. It shows that when both 
textual and visual signals are present in videos, visual signals are more effective than textual signals in 
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engendering behavioral, emotional, and cognitive engagement. Our study also reveals that weeding 
contributes to learner engagement in informal learning, thus inviting further investigations on the effects of 
the coherence principle of multimedia design. 

Our study also enriches the literature on multimedia learning by applying multimedia learning principles to 
learner engagement. Our findings may help understand why some multimedia presentation features 
benefit learning outcomes whereas others are not. For example, the inability of textual signals to improve 
learner engagement may explain why some studies (e.g., Mautone & Mayer, 2001) have found no effects 
of textual signals on knowledge retention and transfer. Engagement could help reconcile the mixed effects 
of signaling on learning outcomes. A better understanding of engagement can produce more 
comprehensive knowledge of the impact of SSW on learning outcomes. 

In addition, our study extends the research on multimedia learning principles from laboratory settings to 
the actual learning environment. The findings from laboratory experiments where researchers control how 
students learn may not directly apply to the more learner-controlled context. For instance, signaling effects 
are not verified when the treatment is applied to a classroom-based environment (Tabbers et al., 2004). 
Similarly, the effects of weeding on learning outcomes cannot be generalized to learning in the classroom 
setting (Muller et al., 2008). This study goes beyond formal learning in the classroom. Our examination of 
SSW in informal online learning sheds new light on their effects on learning and directs more research 
attention to the generalizability of multimedia learning principles to the authentic learning environment. 

6.2 Practical Implications 

This study encourages YouTube video producers to make more rigorous decisions based on data rather 
than just intuitions. The findings provide some guidelines for designing engaging YouTube educational 
videos. First, the use of signaling is highly recommended. In designing signals, preference should be 
given to visual signals over textual signals. Textual signals are usually easier to implement but are less 
effective than visual signals in engaging learners. In addition, we recommend incorporating cards into 
YouTube educational videos to increase viewer interaction with the video for more learner engagement. 
Adding timestamps in YouTube videos can also facilitate viewers navigating the video content. Finally, 
video length matters. If possible, keep the video short to engage viewers. 

Though based on our findings from informal learning on social media, the design guidelines mentioned 
above are also relevant to other learning topic areas and contexts. Therefore, our research is valuable to 
video producers, platform providers, and instructors towards high-quality production and organization of 
educational video content. In addition, the practical significance of our study goes beyond learning, given 
the increasing popularity of videos in everyday life and work. What we have found in educational video 
engagement can benefit practitioners who want to use videos to engage with their users and customers 
on websites and social media. 

6.3 Limitations and Future Research 

This research has limitations. First, we did not include all the possible SSW features. We were not able to 
analyze the YouTube feature of playback. Future research can collect data on how this segmenting 
feature is used and explore its effects on engagement. Future research can also look into other signals 
like anchors. Anchors are the few key data elements that learners use to construct the explanatory 
structure (i.e., a frame) that guides collecting data and organizing information (Klein et al., 2007). They 
have been empirically proven helpful in locating pertinent patterns and connections in the data stream 
(Pontis & Blandford, 2016). It would be interesting to see how anchors affect engagement. 

Second, our findings may not be generalized to other online video content. The analyzed videos are on 
physics and astronomy. They relate to declarative knowledge. Declarative knowledge, also characterized 
as “knowing that”, includes factual and conceptual information. YouTube educational videos can also be 
tutorials (e.g., a problem-solving walkthrough) related to procedural knowledge. Procedural learning, also 
known as “knowing how”, involves memorizing an organized and discrete sequence of behaviors. The 
findings from this study may not apply or apply well to tutorials about how-tos. Future research can 
sample tutorial videos to examine the differences in the effects of video features on learner engagement. 

The audience in the sampled videos also limits the generalizability of our study. The viewers of the 
educational videos in this study were general knowledge seekers who learned physics and astronomy 
voluntarily outside the formal classroom. YouTube is also a learning platform for other science learners, 
such as school-age children in informal learning (Dyosi & Hattingh, 2018) and college students in formal 
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learning (Clifton & Mann, 2011). This study’s video features that engage the viewers interested in science 
may not engage school children and other learner populations. Also, the videos targeted at children and 
other learners can differ significantly in features. So, future research can validate our findings in different 
groups of learners. 

7 Conclusion 

The last decade has witnessed a tremendous expansion of YouTube educational videos in various 
learning settings. This study addresses the lack of research on learner engagement with YouTube 
educational videos in informal learning. Drawing upon multimedia design research, we propose and test 
the hypotheses regarding the effects of SSW on learner engagement. The findings of this study enrich the 
understanding of engagement with YouTube educational videos from the cognitive perspective. They can 
also help inform instructors and video producers about making online videos more engaging to support 
learning. It is hoped that this research provides a good starting point for further research on engagement 
with educational videos on social media. 
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