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Abstract 
Network analytics has the potential to examine new behaviour patterns that are often hidden by the complexity of 
online interactions. One of the varied network analytics approaches and methods, the model of collective attention, 
takes an ecological system perspective to exploring the dynamic process of participation patterns in online and 
flexible learning environments. This study selected “Fundamentals of C++ programming (Spring 2019)” on XuetangX 
as an example through which to observe the allocation patterns of attention within MOOC videos, as well as how 
video features and engagement correlate with the accumulation, circulation, and dissipation pattern of collective 
attention. The results showed that the types of instructions in videos predicted attention allocation patterns, but they 
did not predict the engagement of video watching. Instead, the length and whether the full screen was used in the 
videos had a strong impact on engagement. Learners were more likely to reach a high level of engagement in video 
watching when their attention had been circulated around the videos. The results imply that understanding the 
patterns and dynamics of attention flow and how learners engage with videos will allow us to design cost-effective 
learning resources to prevent learners from becoming overloaded. 
 

Notes for Practice 

• A six-minute timeframe is not the gold standard, but the “shorter the better” approach applies to video 
design. 

• The use of screen recordings or full screen has a strong impact on engagement with video. 

• The types of instructions in videos relate to the allocation patterns of learners’ collective attention. 

• Learners are more likely to engage with videos when they are already paying attention rather than at 
the start or end of their online learning session. 
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1. Introduction 
Massive open online courses (MOOCs) are a well-researched but still controversial phenomenon, offering important 
opportunities for learning and teaching on a global scale (Ang et al., 2020; Jordan, 2014; Reich & Ruipérez-Valiente, 2019). 
At ClassCentral, for example, by 2020, more than 1,800,000 learners followed approximately 16,300 MOOCs (Shah, 2020). 
In these MOOCs, many learning resources in the form of video lectures, quizzes, etc., were provided to learners to gain or 
exercise knowledge (Breslow et al., 2013). While more MOOCs are continually being offered online, “A wealth of information 
creates a poverty of attention” (Simon, 1971, p. 40). The lack of learner support becomes even more problematic for self-
regulated MOOC learning. When facing an excessive, ever-increasing volume of online learning resources, MOOC learners 
need to be able to navigate themselves to select what and how to learn in online spaces (Agonacs et al., 2020). Nevertheless, 
learners are not the best judges of the integrity of a body of subject knowledge since they do not possess the depth and breadth 
of understanding to make decisions about what to learn. MOOC learners face a great challenge: how to notice, select, navigate, 
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and learn from ever-growing video resources effectively in MOOCs. After all, failing to do so may affect commitment and 
engagement, ultimately resulting in incomplete courses (Shapiro et al., 2017; Terras & Ramsay, 2015; Watted & Barak, 2018). 
In this respect, MOOCs are costly to learners, as massive amounts of video resources constantly consume their attention 
(Zhang, Lou et al., 2019). This view contrasts with the mindset that MOOC learning is low cost from an economic perspective 
and urges us to further understand how MOOC learner groups allocate their attention to provide better learner support to avert 
cognitive overload. 

Educational psychologists have long studied attention. In the past, they focused on understanding its role in the acquisition 
or use of experimentation to test hypotheses (Pashler & Sutherland, 1998). The theoretical views adapted from cognitive 
psychology, however, have been weakly constructed (Posner & Rothbart, 2007), as experimentation is unlikely to provide a 
real or authentic learning context to validate these hypotheses derived from differing theories. MOOCs certainly provide an 
authentic online learning context and dataset for studying attention and learning at scale. As a massive body of MOOC learners 
enters the MOOC space, it seems more important to know how different cohorts of learners allocate attention at the collective 
level to allow us to design cost-effective learning resources to prevent learners from becoming overloaded. 

The term “collective attention” was first proposed by Wu and Huberman (2007) in their work “Novelty and Collective 
Attention.” They used this concept to create a framework for using data-mining techniques to interpret online behaviours, 
associating it with the popularity and innovation of knowledge or information. The model of collective attention provides an 
ecological system view to understand heterogeneous behaviours in MOOC learning. Thus, this study adopted the open-flow 
network of collective attention to model clickstream data from “Fundamentals of C++ programming” (Spring 2019) offered 
by XuetangX to investigate a correlational relationship between the features of the MOOC video lectures, student engagement 
with them, and patterns of attention allocation (i.e., the accumulation, circulation, and dissipation of collective attention). Two 
sub-research questions were answered: 1) To what extent do participants engage with videos?; and 2) In what ways is collective 
attention accumulated, circulated, and dissipated while interacting with videos? 

2. Using Learning Analytics to Understand Video-Based Learning 
As an emerging field, learning analytics (LA) refers to “the measurement, collection, analysis and reporting of data about 
learners and their contexts, for purposes of understanding and optimizing learning and the environments in which it occurs” 
(Long et al., 2011, p. 1). In LA, new methods and tools were adopted to induce a better understanding of learning behaviours 
and experiences (Long & Siemens, 2011) and inform a better design of learning environments (Colpaert, 2016). Recent studies 
have demonstrated that the LA approach provides new research opportunities to understand the online behaviours of MOOC 
learners in real and authentic learning contexts, in contrast to traditional experimentation. LA has the potential to generate new 
insights, often hidden in complexity, from digital footprints in online environments (Holmes et al., 2019). 

The major MOOC platforms — Coursera, edX, and XuetangX — have shown that MOOC videos seem to provide authentic 
learning contexts for knowledge acquisition or transfer (Giannakos, 2013; Giannakos et al., 2014; Guo et al., 2014). This is 
especially pertinent to online learning where instructions are primarily in video format (Duhring, 2013). Many empirical studies 
have shown that learners spend most of their time on videos (e.g., Breslow et al., 2013; Kizilcec et al., 2013; Seaton et al., 
2014). Guo and colleagues (2014) conducted the first analytic study to correlate video presentation styles with engagement 
using 6.9 million video viewing sessions of four courses in edX. In their study, they sorted videos manually into two major 
types: lectures and tutorials. They adopted a standard metric used by YouTube and Wistia, the length of time that students 
spend on videos as engagement time, and identified that production and presentation styles, such as slides, code, Khan-style, 
classroom, studio, and office desk, to some extent, affect engagement time with videos (Guo et al., 2014). Their studies made 
an important contribution to instructional design to define key design principles for video production in the context of video 
learning at scale. In the past few years, as video use has continued to provide a main method for instruction, there have been 
wide explorations (Giannakos, 2013) of video length (Guo et al., 2014; Luo et al., 2018), speaking speeds of lecturers (Lemay 
& Doleck, 2020), segmentation of video lectures (Kay, 2012), variations in instructor audio streams (Kim et al., 2014), and 
video lecture types, such as voiceover presentations, lecture captures, picture-in-picture style, and Khan style (Chen & 
Wu, 2015; Hansch et al., 2015; Ilioudi et al., 2013; Kokoç et al., 2020; Sadik, 2016). Other studies have compared hand-drawn 
versus narration-over-PowerPoint (Chen & Thomas, 2020) or looked at screencast video lectures (Chen et al., 2020; Swarts, 
2012). 

More advanced learning analytics approaches have been used to understand how video lecture design relates to learning 
behaviour, such as re-watching, and learning performance (Guo et al., 2014; Sinha et al., 2014). Many scholars have used 
clickstream data to examine the impact of instructional design elements (course content, teaching methods, etc.) on learning 
experiences (Jung et al., 2018). Others have explored how video interactions affect learning effectiveness, dropouts, etc. (Sinha 
et al., 2014). Contradictory results were also found in different studies. For example, Homer, Plass, and Blake (2008) found 
that teacher presence in a video may increase a learner’s cognitive load, perhaps because of the split-attention effect created 
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by the teacher and the PowerPoint slides. In contrast, Guo and colleagues (2014) found that teacher presence has a positive 
effect on the number of videos students watch, perhaps because it helps learners form a sense of interacting with “real” teachers 
face-to-face (Tu, 2002). 

Given that learning content, objectives, presentation styles, and length can be extremely diverse, one of the greatest 
challenges is to generate theories, principles, and guidelines to inform the development of videos for learning at scale 
(Giannakos, 2013). Multimedia learning theories, cognitive load, and attention have been used widely to interpret learning 
analytics studies in video-based learning. According to the cognitive theory of multimedia learning (CTML; Mayer, 2001), 
multimedia instructional design schemes (Sweller et al., 1998), and cognitive load theory (CLT; Sweller et al., 2011), learning 
is a positive and active process of selecting, organizing, and integrating information, which takes place in the cognitive structure 
with limited capacity (Mayer, 2014a). Earlier scholars (e.g., Basil, 1994; Lang et al., 1996; Lang, 2000) have also used the 
“limited capacity information processing approach” to illustrate that learners can only apply a limited number of cognitive 
resources to different tasks. In relation to these theories, Giannakos and colleagues (2014) found that video-based course design 
is closely related to redundancy, modality, and split-attention effects, which affect sustained attention, emotion, cognitive load, 
and learning performance. In recent years, signalling (Panev et al., 2020), embodiment and temporal contiguity (Chen et al., 
2020), and modality (Wang et al., 2017) have also been increasingly studied in video-based learning. For example, a study by 
Fee and Budde-Sung (2014) supported Mayer’s principles of multimedia design in signalling, segmenting, and personalization. 
Although some contradictions to Mayer’s principles, e.g., the principles of redundancy and coherence, were also found in some 
studies, Mayer’s (2014b) principles are widely accepted and used in designing video lectures. 

In studies using Mayer’s (2014a) principles to inform the design of videos, the relation between video lecture types and 
attention has attracted increasing consideration by scholars. Chen and Wu (2015) investigated the impact of different types of 
video lectures on sustained attention levels, affective status, cognitive load, and learning performance. They found that learning 
performance was better when picture-in-picture videos were used rather than voiceover videos, as the latter distracted learners; 
thus, their cognitive load increased excessively. Kizilcec et al. (2015) indicated that instructor-present videos positively affect 
the visual attention that learners pay to lectures. Pi et al. (2017) found that instructor pointing gestures affect learner visual 
attention, thus improving learning performance. Wang et al. (2017) reported that learners are likely to attend to instructor 
presence, which they found to be a positive predictor of participant satisfaction levels. 

These previous studies investigating the possible impact of video lecture types on visual attention and learning attempted 
to generate theories and principles for personalized learning models in the context of video lectures. These studies provided 
important evidence about which types of video lectures are most effective for learners and what attention levels. Nevertheless, 
MOOC learners present a massive heterogeneous body of different learner profiles, including attention level. Although 
personalization is important in designing videos, it is rather challenging to design personalized video-based learning to 
accommodate massive crowds of learners. Learners with different levels of sustained attention ask for different types of videos 
to cater to their different cognitive styles, which leads to different learning performances. Thus, some new metrics to measure 
attention at the collective level might be an alternative approach to inform instructional design for video learning at scale. 
Different approaches and methods of examining attention at the collective level might provide more options for learners as a 
group to identify what and how to learn. 

3. Using Network Analytics to Understand Online Learning Behaviours 
Learning analytics offer an increasing opportunity to understand learning behaviours on a large scale. One approach is lag 
sequential analysis (LSA), which highlights significant sequential behaviours in relation to the temporal dimension (Chen et 
al., 2017; Knight et al., 2017). LSA is commonly used for analyzing the learning trajectories of those participating in learning 
activities in guided or well-designed explorative and collaborative environments (e.g., Li et al., 2021; Sun et al., 2021; Zhang, 
Gao et al., 2019; Zheng et al., 2021). The identified patterns of sequential behaviours could help researchers and instructors 
provide personalized feedback (Hou, 2012; Hwang & Chen, 2017; Yin et al., 2017), promote knowledge construction (Lan et 
al., 2012; Lin et al., 2013; Yang et al., 2015), etc. However, in a MOOC environment, with much looser governance, varied 
short, segmented clickstreams might not be meaningful when using LSA to examine significant sequences of non-guided, non-
facilitated learning behaviours. 

The learning analytics field has gradually realized a pressing educational need to understand behaviours using a network 
paradigm (see Poquet, Hecking et al., 2020). Using such an approach dates back to Albert, Jeong, and Barabási’s (1999) classic 
work on the Worldwide Web. In learning analytics studies, research has relied heavily on social network models to interpret 
interactions between people, assuming their behaviours will be influenced by others in their neighbourhoods, such as friends, 
peers, and classmates (e.g., Joksimović et al., 2016; Oleksandra & Shane, 2016; Gillani & Eynon, 2014). Social network 
analysis has promised to significantly change the way we examine the nature of online learning behaviours that mainly occur 
in forums (e.g., Hernández-García et al., 2015; Poquet, Tupikina et al., 2020; Kellogg et al., 2014; Stepanyan et al., 2013; 
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Zhang, Skryabin et al., 2016; Poquet & Jovanovic,2020; Chen & Poquet, 2020). The social network model is a powerful, 
useful tool for examining relationships between actors. Still, it has limitations when examining the dynamics in MOOCs with 
high rates of attrition and unequal learner participation patterns. In classic social network modelling, when highly active 
learners drop out, the network is likely to encounter a sudden change in structure, creating challenges in modelling the changed 
dynamics of interactions. This has been recognized as the important nature of online learning, where learners can enter and 
leave in a flexible manner. 

Unlike social network models or other closed network models, the collective attention model is closely related to those 
commonly used in network science, such as metabolic and genetic regulatory networks. As mentioned above, the concept of 
collective attention was first proposed by Wu and Hubermman (2007). They found that “collective attention” effectively 
explained the growth and decline of the attention of one million people who read news on interactive websites (a 
nonexperimental scenario). Later, collective attention was modelled using an open, balanced flow system, where attention was 
usefully modelled as dynamic flows circulating between online resources in a way similar to energy flows between species 
(Odum, 1983), flow of goods between countries (Leontief, 1986), and money or value flows between industrial sectors (Miller 
& Blair, 2009; Raa, 2005). Such a metaphor treats online learning as various patterns of rapid and constantly changing 
behaviours on the network representations of knowledge (Baronchelli et al., 2013). Thus, cognitive aspects (e.g., memory, 
thought, and attention) can be re-examined using this sort of new model of network dynamics at the collective level. Regarding 
theories of open system and network dynamics, the dynamics of clickstreams can be seen as equivalent to an embodiment of 
a continuous attention flow (Kammenhuber et al., 2006). In open, flexible learning environments such as MOOC contexts, this 
new type of network model accounts for varied, individualized participation patterns of learning. In a loosely organized 
learning environment, the dynamics of learning behaviours, including learners who perform well (or fail) and those who may 
drop out, are equally important, since designing online educational resources attempts to resolve educational equality and meet 
the needs of individual learners (Zhang et al., 2021). This short, heterogeneous, atypical learning behaviour might be well 
poised to make valuable interpretations of typical MOOC behaviours for creating a sustainable future learning environment, 
similar to the creation of robust electricity and energy systems using open, balanced network modelling (Helbing, 2013). The 
more robust and balanced a flow network is, the more likely it is that a corresponding social-ecological learning space can be 
created to address the problem of lack of instructional and social support (Zhang, Lou et al., 2019). As we can see, the concept 
of collective attention has not been defined precisely as the capability of individuals in a single state or a condition; rather, in 
the digital age, it has a broad meaning (see adetailed review of collective attention in the work of Zhang, Lou et al., 2019). 

4. Methods 
4.1. Context of the Study 

After conducting a detailed investigation of all available courses on XuetangX, the “C++ language programming 
foundation (Spring 2019)” was selected as the case for this study. This course was selected because various types of 
instructions, including introductions, lectures, examples, summaries, and experiments, were found in course videos. In 
addition, the videos were presented in diverse formats, such as projection demonstrations or PowerPoints, while switching 
between human and computer interfaces. By the end of 2020, more than ten thousand students had signed up for the chosen 
course. Of these, 6,278 actually watched the course videos. Two instructors taught the course in co-operation. The lead 
instructor was responsible for delivering the videos, while the other presented lab experiments for C++ on a computer. 

Similar to many xMOOCs, most interaction with content is via video. The course has six chapters comprising 73 units. In 
these units, one or more videos is embedded, presenting knowledge in small chunks to aid in information digestion. In total, 
114 videos are provided. As clickstream data were stored in association with the unit URL, we took the course unit as the 
smallest unit of analysis for data processing and modelling collective attention networks. In the format of “html,” other 
learning resources are text-based content, and some are course requirements and logistics. The course also contains unit quizzes 
and discussion forums, similar to conventional MOOCs. 

4.2. Data Preparation 
The correlation analysis used video lecture types (such as length of video, type of video, and presentation type) and 
engagement(watching and re-watching patterns) as the independent variables (see Table 1, and Sections 4.3, 4.4, and 4.5) to 
examine any differences in patterns of attention allocation (i.e., accumulation, circulation, and dissipation of collective 
attention) in relation to features associated with MOOC video lectures and engagement with videos. 
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Table 1. Variables Used in Correlation Analysis 
Variable Variable Type Range 

Video 
lecture 
feature 

V_Length: Video length Numerical ranging from 52 to 1549 

F_Instruction: Type of video Categorical 
five possible values: 1) introduction (8.22%); 2) 
lecture (67.12%); 3) example (4.11%); 4) experiment 
(13.70%); 5) summary (6.85%) 

F_Knowledge: Knowledge type Categorical 
three possible values: 1) declarative knowledge 
(36.99%); 2) procedural knowledge (17.81%); 3) 
both declarative and procedural knowledge (45.21%) 

Video 
presentation 

type 

P_Screen_full: Using PowerPoint 
slides in full screen Categorical yes (with 54 examples) and no (with 19 videos) 

P_Screen_recording: Using Screen 
recording to show Categorical yes (with 21 examples) and no (with 52 videos) 

P_Teacher_Switching: Different 
postures taken from different angles Categorical yes (with 40 examples) and no (with 33 videos) 

Engagement 
with videos 

B_Watch: Watching behaviours Numerical ranging from 0.5365 to 0.9566 

B_Rewatch: Re-watching behaviours Numerical ranging from 0.0577 to 0.3275 

Allocation 
pattern of 
collective 
attention 

Ai: Accumulation Numerical ranging from 0.002 to 0.137 (normalized) 

Cui: Circulation Numerical ranging from 0.003 to 0.047 (normalized) 

Di: Dissipation Numerical ranging from 0.003 to 0.071 (normalized) 

4.3. Video Lecture Features 
In this group of variables, the length, type, and knowledge type were analyzed to represent the features associated with video 
design. Whether the full screen was used, whether screen recording was used, and whether different instructor postures 
recorded from different angles were used represented the presentation type. 

4.3.1. Video length 
Within the 73 video units provided in this course, the total length of the 114 videos is approximately 16.82 hours. The longest 
video lasts 25.82 minutes (i.e., 3-14) while the shortest is 52 seconds (i.e., 2-10), with an average length of about 8.85 minutes. 
Most videos (71.23%) are longer than 6 minutes, which does not follow the six-minute timeframe proposed by Guo et al. 
(2014) as the standard for the actual time learners spend on a video. 

4.3.2. Type of video 
According to the course design, the videos are segmented into five categories to guide learners in understanding: introductions 
(I_Introduction), lectures that deliver conceptual knowledge (I_Lecture), examples that provide cases for understanding 
procedural knowledge (I_Example), experiments that demonstrate how to run C++ code through a screen recording 
(I_Experiment), and summaries (I_Summary). More details and explanations are summarized in Table 2. Each unit includes 
these five types of instruction, except for Unit 1, which has no summary video. Moreover, this course is a typical xMOOC, 
which predominately uses lectures assisted by PowerPoint slides to deliver knowledge (i.e., 67.12% of the lectures are of this 
type). As a programming language course, 13.70% of the videos provide examples that demonstrate how to run C++ code in 
experiments that use screen recordings. A few examples (4.11% of the videos) for understanding procedural knowledge are 
provided. 
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Table 2. Different Types of Video Instruction 
Variable Explanation Percentage Format 

I_Introduction Guiding learners to  
understand the course 8.22% 

 

I_Lecture Using PowerPoint slides  
to deliver knowledge 67.12% 

 

I_Example 

Providing examples for 
understanding 

procedural knowledge in 
PowerPoint 

4.11% 

 

I_Experiment Running C++ codes  
in experiments 13.70% 

 

I_Summary Summarizing  
the material 6.85% 

 
 

4.3.3. Knowledge type 
For each video, the knowledge type was manually categorized into one of three groups. As shown in Figure 1, 45.21% of the 
videos provide both declarative and procedural knowledge. For example, when teaching the concepts of “function” and “array,” 
the teacher often presents how to write the code and explains some related applications at the same time. In contrast, 36.99% 
of the videos only provide declarative knowledge, and 17.81% only provide procedural knowledge. 

 

 
Figure 1. Distribution of declarative and procedural knowledge. 

4.3.4. Presentation types of videos 
In addition to the varied types of instruction delivered, the different presentation types were extracted, as summarized in 
Table 3, i.e., whether the PowerPoint slides took up the full screen (Screen_full) or if a screen recording was used 
(P_Screen_recording), the teacher’s presence (P_Teacher_presence), and whether the teacher changes posture via different 
recording angles (P_Teacher_switching). In the studied MOOC, teachers appear in each of the 73 videos; thus, the variable 
(P_Teacher_presence) was not included in the data analysis. The majority of videos (73.97%) use PowerPoint slides in full-
screen mode to deliver knowledge (P_Screen_full), while 28.78% use screen recordings (P_Screen_recording). Lecturers in 
54.80% of the videos switched recording angles for their lectures (sitting on a chair or standing at a podium; or switching 
between near and far distances; P_Teacher_switching), and 45.20% did not change their position. 

Declarative 
knowledge

36.99%

Procedural knowledge
17.81%

Both declarative and 
procedural 
knowledge

45.21%
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Table 3. Video Presentation Type 

Variable  No. 
videos Screenshot  No. 

videos Screenshot 

P_Screen_full (using 
PowerPoint slides in 

full screen) 
Yes 54 

(73.97%) 

 

No 
19 

(26.03%) 
 

P_Screen_recording 
(if not, using 

PowerPoint slides) 
Yes 21 

(28.77%) 

 

No 
52 

(71.23%) 
 

P_Teacher_switching 
(Different postures 

taken from  
different angles) 

Yes 40 
(54.80%) 

 

No 33 
(45.20%) 

 
 

4.4. Watching and Re-watching Patterns 
In this group of variables, building upon the work of Guo and colleagues (2014), we calculated the average lengths of watched 
(B_Watch) and re-watched percentage of videos (B_Rewatch) to examine engagement. The B_Watch variable was numerical, 
ranging from 0.5365 to 0.9566, and the B_Rewatch variable ranged from 0.0577 to 0.3275. 

4.5. Accumulation, Circulation, and Dissipation of Collective Attention 
Using social networks to model the flexible nature of MOOC learning poses challenges since students learn at their own pace, 
and most drop out before completion (Zhang et al., 2021). Consequently, such network structures encounter sudden changes 
that are unlikely to converge in network dynamics. Thus, new network models are needed to address the problem of high 
attrition rates and highly unequal participation patterns. The proposed new network model can be seen as a transposition of 
the social network matrix; that is, the matrix is flipped over its diagonal in linear algebra. The new proposed network model 
use nodes to represent resources, and links to resemble learners as they come and go via resources. Since most MOOC learning 
resources are predesigned, the learning resources as nodes were relatively unchanged during the course. The flexible manner 
of online learning, where learners come and go, can be represented by the links added, revised, and removed using such 
network dynamics. This transposed model is similar to resource networks, so classical network metrics — indegree, outdegree, 
centrality, betweenness, closeness, and path — are commonly used to understand how these structures affect learning. 

Nevertheless, the traditional closed network mode cannot fully support the dynamic nature of learners interacting with 
context as a constantly changing process (Whitt, 1984). To examine network dynamics, an open network model is more capable 
of modelling attention as flow (similar to modelling food or money as energy flow) to reach dynamic equilibrium (Nicolis & 
Prigogine, 1977). In contrast to a closed network of resources, where the link represents the weight of human-context 
interactions, an open network uses the links to embody input and output flows, representing energy exchanges (e.g., attention, 
money, electricity, jobs) with the surroundings. Using ecosystem theories to view online learning and courses provides insight 
into self-organizing behaviours (Schneider & Kay, 1994a), which are commonly found in open and complex systems with a 
flow of energy. Ecosystems are viewed as dissipative structures in self-organizing processes open to energy flows (Schneider 
& Kay, 1994a). We argue this is a much-needed theoretical framework for a sustainable educational system. 

Therefore,in this study, we consider attention flow as a dissipative process in an open system to better understand the 
attention allocation patterns for videos. Similar to any energy flow (Annila, 2010), the pattern will meet the minimum energy 
cost, which is essential for instructional design strategies. Such understanding of patterns of attention flow allows us to design 
cost-effective learning resources to prevent learners from becoming overloaded (Zhang et al., 2019). For example, our previous 
study showed that the amount of attention flow decreased exponentially with increased flow distance, at a rate of 26%. 
Reorganizing learning resources with reference to their associated “tropic level” in “the learning chain” (i.e., the food chain) 
can therefore help learners effectively access the most importance resources without being overloaded (Zhang et al., 2019). In 
addition, scaling phenomena were found consistently in the open model of cities (Rees, 2012) or transportation (Cantarella & 
Cascetta, 1995) as dissipative systems. Based on the scaling law (Kleiber, 1932), we theorize that online learning is a growing 
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phenomenon that consumes learner attention at the collective level. The increasing accumulation of attention produces an 
incremental circulation across learning recourses within the system. The proposal of this theorization may allow for the 
development of measures and metrics useful for the instructional design of online courses. The contribution of these 
conceptualizations goes beyond other recent work in this area. 

 

 
                    (a)                                                                 (b) 

 
Figure 2. The accumulation, circulation, and dissipation of attention flow in the open flow network of collective attention 

(from Zhang, Gao et al., 2019, p. 287). 

Conventionally, open network models are formulated to follow an equilibrium approach to create consistent and balanced 
flows in and out of densities. Building upon research on collective attention flow networks (Gao et al., 2019; Guo et al., 2015; 
Zeng et al., 2020; Zhang, Luo et al., 2016; Zhang, Lou, et al., 2019), an open-flow network of collective attention was created. 
As shown in Figure 2b, learning resources were represented by nodes, and edges illustrate the extent to which collective 
attention flowed in and out of these nodes. We can describe this open-flow network using a flux matrix 𝐹 = #𝑓!"%($%&)($%&), 
where fij is the attention flow from i to j. N+2 represents the total nodes of this model. Node 0 and node N+1 represent “source” 
and “sink,” while nodes 1 to N represent the nth units of videos in MOOCs. 

Two artificial nodes (i.e., source and sink) are introduced to the proposed open flow network of collective attention to 
ensure dynamic equilibrium in an open system, which forces attention to flow in and out of the online space. The rationale to 
use the open network to model collective attention reconciles the idea that natural laws operate in open systems (Schneider & 
Kay, 1994a). For example, this design follows the second law of thermodynamics, derived from the statistical physics of open 
systems, stating that energy flows from energy sources (high energy density) to energy sinks (low energy density; Mäkelä & 
Annila, 2010). Echoing Raine, Foster, and Potts’s (2006) argument that a reformulated second law of thermodynamics 
employed by Schneider and Kay (1994b) applies to the economic system, and we believe that Schneider and Kay’s ideas also 
apply in educational contexts: “We believe that our thermodynamic paradigm makes it possible for the study of 
ecosystems/economics systems [educational systems] to be developed from a descriptive science into a predictive science 
founded on the most basic principles of physics” (Raine et al., 2006, p. 356; Schneider & Kay, 1994b, p. 25). In such 
conceptualization, the online learning environment is modelled as an open system with complex structures that allow attention 
flow to circulate among online learning resources, while exchange (i.e., accumulation and dissipation) occurs in the offline 
environment. This conceptualization, to some extent, connects online learning with face-to-face learning, via the added 
artificial nodes. In any case, dissipation is the expected system response. As shown in Figure 2a, collective attention flow in 
and out of different learning resources (e.g., learning resources 1 and 2) was defined as circulation flow. In contrast, attention 
flow in from the source to learning resource 1 was defined as accumulation flow, and attention flow out of learning resource 1 
to the sink was defined as dissipation flow (Zhang, Lou et al., 2019). 

The ultimate result of any network mode is a set of matrices and vectors. Still, these vectors were built in a new and 
informative way so that the accumulation, circulation, and dissipation flows can be calculated with equations. The attention 
flow from the node “source” to other nodes represents the time point at which participants go online (i.e., the accumulation of 
attention (𝐴! = 𝑓(,!)). When participants go offline, their collective attention flows out to the node “sink” (i.e., the dissipation 
of attention (𝐷! = 𝑓!,$%*)). In addition, attention will flow among various video resources in the online learning space, and we 
call this the circulation of attention in learning resources (i.e., the circulation of attention (𝐶𝑈! = ∑ 𝑓",!$

"+* )). The accumulation, 
circulation, and dissipation of collective attention across videos could be calculated using clickstream data (i.e., the number of 
learners represents the amount of attention flow in and out of learning resources). Researchers considered online behaviours 
that occurred over 25.5 minutes apart as separate sessions (Catledge & Pitkow, 1995). This study used a 30-minute threshold 
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to delineate a sequence as a new session. In each session, sequential visits to the learning resources resembled the flux of 
attention flowing in and out of the resources, as represented by an edge between nodes. 

In this open-flow network model of collective attention, flow distance was used as an innovative metric to measure the 
similarities and dissimilarities between learning resources. Flow distance, first proposed by Guo et al. (2015), was defined as 
the average first-arrival distance between nodes, calculated by an N-order Markov transition. Through the infinite order 
calculation of Markov transfer, it is obtained that the flow distance from node 1 and node 2 is equal to the sum of the 
probabilities of learners from node 1 accessing node 2 for the first time after k steps, where k ranges from 1 to infinity. Since 
flow distance measures the average first arrival distance between two nodes of a learning resource, the concept reflects the 
average number of steps required for attention flow to circulate from one learning resource to another. Viewing the online and 
open learning environment from the perspective of an ecological system, the flow distance to the source reflects the importance 
of the video resource at a collective. Zhang and Lou et al. (2019) found a negative correlation found between flow distance 
and the amount of attention flow; as the flow distance to the source became shorter, learners were more likely to access this 
learning resource after entering the online space. 

5. Results 
5.1. How Do Participants Engage with Videos? 
5.1.1. Watching pattern 
Between 20 February 2019 and 10 June 2019, the 73 video units were watched 895,332 times by 6,278 participants. On 
average, participants watched these 73 video units 142 times, and some were watched multiple times. In total, only 182 
participants (2.90%) watched all 73 video units, while 2,355 participants (37.51%) only watched one video, which reflects 
typical MOOC learning behaviour. 

On average, 6,278 participants watched 86.78% of the total time of all the videos. There were 258 participants (4.11%) 
who only watched 1% of these videos. The video about “constexpr function” in Unit 3 (3-9, 2.43 minutes long) was watched 
extensively, as participants watched 95.66% of its content. The lecturer talked about a new function in the C++ 11 standard in 
this video, which may have kept learner attention. In contrast, the first introduction video in Unit 1 (1-1) is 8.87 minutes long 
and includes the syllabus, teaching methods, and learning suggestions, but 53.65% of participants only watched it halfway 
through. To some extent, this implies that learners in this chosen course seemed to know what they aimed to study and went 
directly to it. 

 

 
Figure 3. Average percentage of video watched. 

5.1.2. Re-watching pattern 
Re-watch behaviours were identified when a participant reassessed a video and stayed for more than 5% of its length. A total 
of 22.84% of participants re-watched videos, while 77.16% did not re-watch any. The two highest ratings for a re-watched 
video were 4-4 and 6-15, which were re-watched more than 60 times. 
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Figure 4. Average frequency of re-watching. 

Compared to their first-time watching behaviours, participants were less likely to re-watch videos from start to finish. On 
average, only 19.56% of full-length videos were re-watched, which was far less than the percentage of the first viewing (an 
average of 67.23% of video length). The first video (1-1) in Unit 1 was still least likely to be finished when the participants re-
watched it. One video (4-4) in Unit 4 was re-watched for longer than any other, on average for 32.75% of its length. This video, 
7.98 minutes long, delivers knowledge through an ordinary lecture format, with screen recording and full-screen PowerPoints 
both being used. Additionally, the instructors varied their postures in the video, which were filmed from different angles. 

 
Figure 5. Average percentage of re-watched video length. 

5.2. How Collective Attention is Accumulated, Circulated, and Dissipated 
The accumulation, circulation, and dissipation of collective learner attention were identified using the collective attention 
model. Figure 6 presents Gephi’s visualization of the collective attention network in which the nodes represent the 73 video 
units. The colour of the node illustrates the chapter to which it belongs, and the scale of the node represents the total amount 
of attention flow. The direction of the link between nodes indicates that collective attention flows from node x into node y, 
and the thickness of the link indicates the flow distance between them. As shown in Figure 6, the “source” node and the “sink” 
node, which represents the offline space, were connected to varied video nodes. In total, 75 nodes were connected via inflow 
and outflow of collective attention, resulting in 2,559 links. The average degree of nodes is 34.12, the diameter is 3, and the 
average path length is 1.541. No particular predefined tree structure of the MOOC design was illustrated in this network. The 
total flow amount of the first 3–4 units of each chapter is usually larger, and the flow amount of the following units is less. As 
shown in Figure 6, the distance between learning resources in Chapters 4 and 5 are likely to be grouped, which implies that 
collective attention circulates more often across these chapters, when learners were studying the topics of “class and object” 
and “data sharing and protection.” 

The larger the value of flow distance (i.e., the thickness of the link) between two learning resources, the greater the 
probability that collective attention circulates across these two resources. The flow distance between v1-3 to v3-1, v3-13, v6-
19, and the other 17 nodes is the shortest, which implies that the collective attention flow is unlikely to circulate across these 
learning resources. Taking the ecological view to understanding collective attention, the development of a greater diversity of 
learning resources to generate a more complex structure leads to more attention flow circulating across the learning resources 
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at more hierarchical levels, contributing to the growing scale of online learning as a living system. The more circulations across 
the learning resources in such a living system, the more sustainable this online course is likely to be. 

 
Figure 6. An open-flow network of collective attention. 

5.2.1. The accumulation of collective attention 
As mentioned above, the accumulation of collective attention of each node (i.e., video unit) shows how much collective 
attention was allocated first to this node when learners entered the online space. Figure 7 shows that the average accumulation 
of collective attention varied among different videos (blue line). Different videos accumulated various amounts of collective 
attention; that is, the accumulation flow fluctuated greatly. For example, video 1-1 (A1-1 = 0.137), video 2-2 (A2-2 = 0.035), 
and video 4-4 (A4-4 = 0.031) accumulated the greatest amount of collective attention when participants began their online 
learning (the amount is min-max normalized in the figure). Throughout the course, the accumulated amount decreased, which 
implies that participants might have started with earlier videos every time they went online before they followed their learning 
plans in different units. Within each unit, this pattern was significant. The earlier videos (e.g., the first lectures) were more 
likely to accumulate more attention than other videos in the same unit, which implies that participants were likely to start with 
the first lecture videos (rather than the introduction videos) every time they went online (except the very first video 1-1 in 
unit 1). 

5.2.2. The circulation of collective attention 
Circulation represents the process of collective attention circulated between different videos units in the online space. Figure 7 
shows that the average amount of collective attention circulated across different videos presents a similar mountain-like pattern 
(orange line). After accumulating attention in the first lecture videos in the units, more collective attention was spread around 
later lectures and example videos, usually provided after the first lecture video (e.g., 2-6 to 2-9, 3.5 to 3.12, 4-6 to 4-10, 5-2 to 
5-8, 6-2 to 6-17). The actual amount of collective attention circulated between different videos was significantly higher than 
the amount accumulated for all videos, which shows that participants might have left the online space more flexibly, but they 
also watched different videos, and their attention circulated between different videos more frequently than the accumulated 
attention. 

5.2.3. The dissipation of collective attention 
The attention dissipation of one resource represents how much collective attention has left the online environment from this 
particular resource. Figure 7 shows the average collective attention dissipated from different videos to the offline space (grey 
line). The patterns are rather similar to the accumulation and circulation patterns, which implies that more accumulated or 
circulated attention led to more attention being dissipated to the offline space, except for videos 2-5, 5-2, 6-2, and 6-8. More 
attention flows circulated through videos 5-2 and 6-2, but fewer were dissipated from them, which implies that participants 
were less likely to leave the online space after they had watched them. In contrast, less attention flows circulated through 
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videos 2-5 and 6-8, but more attention dissipated from them, which indicates that participants were more likely to leave rather 
than keep watching other videos. 

 

 
Figure 7. Accumulated, circulated, and dissipated amounts of collective attention in different videos. 

5.3. Predicting Attention Allocation Patterns 
Kendall tau was used to identify the relationships between the video lecture features (categorical variable) and the patterns of 
collective attention allocation (continuous variable); or in other words, the features of MOOC videos and student engagement 
with them. As shown in Table 4, the type of instruction (F_Instruction) in the videos significantly correlates with the amount 
of collective attention accumulated or circulated through (p < .01). No significant relationships were found between the 
allocation patterns of collective attention and the knowledge presented or how the videos were presented. 

As shown in Table 4, participant engagement (B_Watch) is a negative predictor for the accumulation and dissipation of 
collective attention (p < .001), but the engagementin terms of re-watching videos did not correlate with the collective attention 
flow. Screen recording was used in videos, and video length significantly correlated with participant engagement (watching 
variable; p < .001). PowerPoint slides used in full screen also affected the participant engagement (watching variable; p < 
.001). For the learner re-watching variable, video length also negatively correlated (p < .01). Screen_full also significantly 
correlates with the re-watching variable (p <.01). Interestingly, there was a statistically significant relationship between learners 
watching and re-watching at the 0.001 level. 
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Table 4. Correlation Between Video Lecture Features, Participant Interaction, and Allocation of Collective Attention 
   Video lecture feature Video presentation type Engagement with 

videos 
   V_length F_Instruction F_Knowledge P_Screen_full P_Screen_recording P_Teacher_switching B_Watch B_Rewatch 

Allocation 
Pattern of 
Collective 
Attention 

Ai 

Spearman’s rho 0.239      -0.35** -0.02 

p value 0.041      0.002 0.867 

Kendall’s Tau B  -0.274** 0.158 0.061 0.06 -0.005   

p value  0.004 0.094 0.537 0.545 0.96   

Di 

Spearman’s rho 0.286      -0.339** 0.012 

p value 0.014      0.003 0.918 

Kendall’s Tau B  -0.135 0.19 0.104 0.136 0.002   

p value  0.178 0.044 0.293 0.169 0.982   

CUi 

Spearman’s rho 0.019      -0.13 0.057 

p value 0.876      0.272 0.631 

Kendall’s Tau B  -0.246** 0.236 0.244 -0.027 -0.019   

p value  0.006 0.012 0.014 0.788 0.85   

Engagement 
with Videos 

B_Watch 

Spearman’s rho -
0.653***      —  

p value < .001      —  

Kendall’s Tau B  -0.193 0.112 0.406*** -0.375*** -0.062 —  

p value  0.035 0.224 < .001 < .001 0.52 —  

B_Rewatch 

Spearman’s rho -0.328**      0.506*** — 

p value 0.005      < .001 — 

Kendall’s Tau B  -0.047 0.197 0.289** 0.024 0.139  — 

p value  0.606 0.033 0.003 0.807 0.151  — 

Note. ** p < .01, *** p < .001 

6. Discussion 
In summary, the following conclusions can be drawn. Although a six-minute timeframe is not the gold standard that instructors 
must follow, it is important to bear in mind that “the shorter the better” principle can help learners engage more with videos 
(in terms watching and re-watching). Apart from keeping videos short, using screen recordings or PowerPoint slides in full 
screen had a strong impact on engagement with the videos in the MOOC context of learning C++ programming. The types of 
videos (i.e., introduction, lecture, examples, experiments, summary) predict the collective attention accumulated or circulated. 
This segmentation has strong implications for selective learning. As high levels of engagement with videos occur in the process 
of attention circulation, a key aspect for future research is how to circulate learner attention around different videos, which can 
help them reach a higher level of engagement. 

Designing videos for MOOCs is not the simple task it appears to be since it involves a complex process of transforming 
theoretical principles and empirical evidence into practice (Giannakos et al., 2014). Understanding how different types of video 
lectures predict engagement with videos and allocation patterns of collective attention will contribute significantly to efforts 
to assess simple but effective principles for designing MOOC video lectures. This study contributes to the field by providing 
new ways of understanding how participants attend to videos, move around them, and leave the online space. These new 
metrics can make valuable contributions to video design. As Poquet, Lim, and Mirriahi (2018) pointed out, despite an increase 
in empirical research on the use of videos in education, we still lack an overview of the specific impacts of videos on different 
learning outcomes. 
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6.1. Shorter is Better 
Although previous studies (e.g., Guo et al., 2014) have argued that participants are unlikely to watch videos longer than six 
minutes, only one-third of the videos in the selected MOOC follow this principle. Perhaps instructors are not aware of this 
research finding, but it is more likely that they must consider instructional design, artistic vision, pedagogical strategies, subject 
knowledge, etc., when designing course videos. In contrast to most MOOCs available online, the studied course has adopted 
different presentation types of videos, similar to what Guo et al. (2014) and Chen and Wu (2015) have suggested. Considering 
all these design issues, video length seems to have been a minor issue for instructors, with the consequence that the longest 
video (i.e., 3-14) lasts 25.82 minutes, the shortest (i.e., 2-10) lasts only 52 seconds, and the average length is approximately 
8.85 minutes. Nevertheless, video length was found to correlate negatively with the extent to which participants engage with 
videos (in terms of the percentage of videos they watch); thus, perhaps “the shorter the better” applies to future instruction 
design in video-based learning. 

6.2. Screen Recording or Full Screen? 
In the studied course, three presentation types of videos were used: screening recording, full-screen mode with PowerPoint 
slides, and instructors varying their position between sitting and standing. In some videos, lectures were recorded from different 
angles to present close and far images of the instructors. These presentation types did not affect the allocation of collective 
attention, perhaps because collective attention was directed mainly by type of video (i.e., introduction, lecture, examples, 
experiments, and summary). However, the use of screen recordings or PowerPoint slides in full screen had a significant effect 
on the extent to which the participants engaged with videos (i.e., how long participants were likely to watch). Additionally, 
full-screen use of PowerPoint slides significantly predicted how long they spent watching videos. Of course, their watching 
pattern correlated significantly with the re-watching pattern. These findings suggest that using a full screen to highlight 
important knowledge seems to be more likely to engage participants. This result is consistent with previous studies (e.g., de 
Koning et al., 2009; Mautone & Mayer, 2001; Pi et al., 2017). This implies that certain cues (e.g., colouring and underlining) 
added to learning materials can help direct participant attention (de Koning et al., 2009; Mautone & Mayer, 2001), and can 
help explain why detailed texts or illustrations of conceptual or procedural knowledge in PowerPoint slides or C++ codes in 
the running time (full screen) help direct participant attention to the learning content. Several other studies (van Gog et al., 
2014; Kizilcec et al., 2015; Wang et al., 2017; Wang et al., 2020) found that the inclusion of the instructor, eye contact, or 
body language in the videos created a sense of social presence (Gunawardena, 1995), thus helping to increase learning 
performance (Beege et al., 2017; Leong et al., 2017). Instructors appear at some point in each of the 73 video units in the 
studied MOOC, which supports the inclusion of instructors to create social presence. Although this study did not explore 
whether the presence of the instructor creates a split-attention effect (Mayer & Moreno, 1998; Mousavi et al., 1995), the results 
showed that switching to full-screen to present PowerPoint slides or the use of screen recording in videos had a strong impact 
on engagement with video. 

6.3. Type of Instruction Predicts Collective Attention 
In the studied MOOC, instead of using video length as the criterion to segment the videos, the units were divided into smaller 
segments — introduction, lecture, examples, experiments, and summary — in terms of instructions adopted in the selected 
course. This way of categorizing one large video into pieces of videos was process-oriented. Each type of video reflected upon 
sequential instructional elements commonly used in face-to-face lectures. Participants accustomed to such segmentation are 
more likely to attend to the videos they want. Thus, it is not surprising that the most-used instruction was still a lecture given 
by an instructor using PowerPoint slides. The type of instruction in videos did not seem to correlate with the extent of 
participant engagement (i.e., how long the learners watch or re-watch them), but they significantly correlated with the number 
of collective videos accumulated or circulated. When videos were categorized in terms of different types of instruction, the 
categories they belonged to determine whether they were likely to accumulate or circulate collective attention. Some 
introductory or summary videos were less likely to be viewed or to recapture attention during participant learning trajectories, 
probably because learners are more likely to be motivated by the knowledge base of the course (Deshpande & Chukhlomin, 
2017). Once participants had attended a particular video, there was no significant difference in how long they kept watching 
or re-watching it. As argued above, then, video length and presentation style predict the extent to which participants engage 
with it (i.e., how long the learners watch or re-watch it). 

6.4. Engagement and Attention Circulation 
Building on the work of Guo and colleagues (2014), engagement was measured by the percentage of videos participants 
watched or re-watched (i.e., watching and re-watching behaviour). In the selected course, the participants watched videos 
frequently, but only one-third of them watched at least one video from beginning to end, and only 2.9% watched all the videos 
completely. They re-watched even smaller percentages. Interestingly, participant engagement (watching pattern) negatively 
affected the accumulation and dissipation of collective attention. This implies that participants who watched videos the longest 
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seemed to have watched others beforehand and were also more likely to continue viewing more before leaving the online 
space. Participants who watched a video the longest neither attended to it immediately when they went online nor went offline 
after watching. 

This further reveals that a high level of engagement with videos occurs during the circulation of collective attention among 
different videos rather than at the beginning or end of the online learning session. Thus, it is important to provide clues to direct 
participants to watch different videos in such an online environment, spurring their engagement to a higher level. That is, when 
circulating their attention around different videos, participants were more likely to concentrate on watching or re-watching. 

6.5. Network Paradigm  
The results of this empirical study suggest that the proposed open flow network model and metrics can be applied productively 
to better understand learning behaviours at the collective level. Such an open flow network of collective attention presents a 
new network topology, which differs from the sequential analysis interested in the temporal dimension of learning behaviours 
and social networks that emphasize interactions between peers and instructors. Although the visualized network of collective 
attention looks rather similar to the patterns of lag sequential analysis (LSA), both of which use learning resources as nodes, 
the rationale for doing so in the flow network of collective attention is to avoid the rapid change of network structures, 
commonly found in social networks using actors as nodes. In addition, a flow network of collective attention uses an open 
system to model online learning as a growing, living system. The model of collective attention can be seen to be transposed 
from the social network to better model the dynamic changes of interactions in online learning. Additionally, unlike LSA, 
which focuses on the significant sequential changes across learning resources, the epistemology behind the proposal of the 
collective attention network treats attention as a scarce property that learning resources compete for, since a “wealth of 
information creates a poverty of attention” (Simon, 1971, p. 40). Such conceptualization is poised to create an open, balanced 
model resembling online, open, flexible learning environments. Thus, methods, tools, and metrics commonly used in the 
natural sciences (e.g., physics) can be adopted to understand the online learning environment as a social-ecological system 
(Schneider & Kay, 1994a). In current studies, the amount of attention flow is measured roughly by the number of individuals 
who migrate from one resource to another, but this is with the understanding that more precise measurement could be used for 
this network model in future studies. In this respect, the attention measured here is not a psychological metric but is regarded 
as a human flux used to model a social-ecological learning space in which learning is achieved at the cost of learner attention. 
Regarding rapid-growing learning analytics studies, using a data-driven approach is important. Still, the conceptualization of 
the clickstream is even more important for researchers to interpret the patterns identified in varied network models (Chen et 
al., 2020). After all, network models utilized in learning analytics are not meant to virtualize real interactions but rather to be 
a lens to discover patterns we would not be able to identify without such a systematic perspective. 

7. Limitations and Future Work 
Certain limitations are noted in this study. First, this analytic study was conducted in the context of MOOC videos, and the 
results might not apply to other contexts, since the learning content, objectives, styles, presentation styles, and length can be 
extremely diverse in different video-based learning (Giannakos, 2013). Second, although this selected MOOC presents 
different types of videos, a typically high dropout rate was found; thus, the learning performance data were insufficient to 
inform which types of videos are effective for learning performance. Third, we did not manually categorize teacher gestures 
(Colliot & Jamet, 2018) or positions (Kim et al., 2014). When considering the presentation types of videos, with more MOOC 
courses available in future, perhaps such data could be coded meaningfully to gain a better understanding of varied design 
principles for video lectures. Fourth, due to the lack of complete “play,” “pause,” and “skip forward/back” data, the allocation 
of collective attention could be analyzed only at the video unit level. XuetangX has restructured its data source, and future 
studies could focus more on engagement with videos at this fine-grained level and its relationship with the features of video 
lectures. Fifth, we measured the amount of attention flow roughly by the number of individuals who navigated from one 
resource to another. More precise measurement (considering time, frequency, eye-tracking in deep learning modelling) could 
be used to refine the measure of attention flow in future studies. 

Although several limitations have been noted, the results of this study have, to some extent, added new insights into how 
video features predict the extent to which participants engage with videos (watching or re-watching behaviours), as well as the 
likelihood of their collective attention accumulating, circulating, and dissipating in the online space. Building upon previous 
research, this study contributes to the field by focusing on how collective attention flows in and out through videos, which 
seems to serve as the main learning context for online learning. The reported results suggest that attention allocation patterns 
and their associated metrics may be useful as indirect implications for online learning. 
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