
Companion Proceedings 10th International Conference on Learning Analytics & Knowledge (LAK20) 

Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported (CC BY-NC-ND 3.0) 

 

1 

A Survey of Learners’ Video Viewing Behavior in Blended Learning  

Mehrasa Alizadeh1, Shizuka Shirai2, Noriko Takemura3, Shogo Terai4, Yuta Nakashima5, 

Hajime Nagahara6, Haruo Takemura7 
Osaka University, Japan 

alizadeh.mehrasa@lab.ime.cmc.osaka-u.ac.jp1, shirai@ime.cmc.osaka-u.ac.jp2, 
takemura@ids.osaka-u.ac.jp3, terai.shogo@lab.ime.cmc.osaka-u.ac.jp4,  

n-yuta@ids.osaka-u.ac.jp5, nagahara@ids.osaka-u.ac.jp6, takemura@ime.cmc.osaka-u.ac.jp7   

ABSTRACT: This study analyzes 19 students' interaction patterns with 6 video lectures in a 
blended course, using log data and video viewing behavior. We took into account the actions 
that learners took during the online coursework by checking their screen captures and face 
recordings to delve more deeply into the nature of their evolving interactions and decisions. 
The results have revealed the existence of four groups of learners. Our findings provide 
evidence for the importance of triangulating data sources on learners' video watching 
behavior to enhance feedback provision to at-risk learners and lower dropout rates.  
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1 INTRODUCTION 

Online learning, in particular the use of videos in higher education has expanded massively over the 
past 20 years. Much has been written on the benefits of online learning, yet while the popularity of 
online learning has improved, the issue of high dropout rates has come to light (Tan & Shao, 2015). In 
order to address this issue, the field of learning analytics has observed a growing interest in extracting 
log data from learners' use of videos and analyzing them to provide timely support to at-risk learners. 
Nonetheless, the majority of these studies mainly rely on data from learners' use of videos as indicated 
by their clickstream and barely move from usage to engagement (Mirriahi & Vigentini, 2017). Using 
clickstream data has been proven to be a successful method in grasping learners' behavior trends in 
large-scale MOOC studies. However, in blended learning contexts, we need to gain a deeper 
understanding of learners' behaviors, for instance wakefulness and motivation, to utilize it for 
improving face-to-face classes. In order to fulfil this aim, we have collected and analyzed data from 
students in an introductory blended course on informatics for social-science majors. It is worth 
emphasizing that this study focuses on specific learning processes through analyzing students' video 
viewing behavior by monitoring their on-screen actions and checking for their facial expressions and 
wakefulness while watching video lectures, a type of data that is missing in large-scale MOOC studies. 
As a result, our findings help understand learner preferences and interaction styles alongside feeding 
information into the design of an adaptive learning system currently under construction.  

METHOD  

The study was conducted with 19 first-year undergraduate students (14 females, 7 males, mean 
age=18.28) enrolled in a blended course titled “Informatics Basics for Social-Science Majors.” For the 
purpose of this analysis, we have focused only on the first two online sessions, since the latter half of 
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the course differs from faculty to faculty. The content for each session consisted of three video 
lectures of approximately 10 minutes of length, each followed by a quiz of 4 to 5 multiple-choice 
questions.  In order to analyze students' interaction patterns with 6 video lectures, we recorded videos 
of the computer screens and participants' faces as they were completing online modules in a 
laboratory setting. The experiments were run on 17.3-inch laptops. The screen captures and face 
recordings were later combined into one video and were viewed by two raters who shared the task 
of rating the participants in terms of playback speed, number of pauses, rewinds and fast-forwards, 
as well as ratio of wakefulness and number of views. Each parameter has been calculated per slide.  

2 RESULTS, DISCUSSION, AND CONCLUSION 

We opted for a qualitative approach to finding students' specific behaviors. In an attempt to 
triangulate the log data with qualitative evidence from students’ video viewing behavior, we watched 
the face recordings and screen captures. Following that, based on our observations, we placed the 
students into four groups of drowsy, focused, skipping, and mixed-behavior learners. Details of the 
descriptive statistics of each group along with their quiz scores are displayed in Table 1. Moreover, 
Figure 1 visually summarizes the four groups’ mean number of pauses, rewinds, and fast-forwards as 
well as their wakefulness and number of views ratio per slide. It is worth noting that the sub-figures 
each include a primary and a secondary y axis, the primary titled number of times for pausing, 
rewinding, and fast-forwarding and the secondary titled ratio for wakefulness and number of views 
ratio values. As can be seen in Table 1 and Figure 1, the first group consisted of drowsy learners, 
characterized by low levels of wakefulness and low number of views. Particularly, Figure 1 shows that 
they fell asleep more often in session 4 compared to session 6. This means that there exists an 
association between wakefulness and difficulty level of videos. As expected, these learners gained 
relatively low average scores in the quizzes. It is thus necessary to take measures to support drowsy 
learners by providing appropriate feedback to improve their comprehension and to raise their 
alertness during e-learning. The second group included learners who were for the most part focused 
on the screen with minimal number of pauses, rewinds, and fast-forwards. This group outperformed 
others in the quizzes thanks to their higher focus on the content. The third group was characterized 
by the highest number of rewinds and fast-forwards. Despite being wakeful, these learners had low 
number of views and a low mean score in session 4. The last group of learners displayed inconsistent 
patterns of behavior over the two sessions. For instance, three out of five were drowsy in one session 
but focused in another, or they only watched one or two videos in one session or frequently fast-
forwarded whereas they watched all the videos completely in another session. This group gained the 
lowest average score in session 4. The results above show that we should detect learners’ types and 

Table 1: Group and Total Video Viewing Behavior Stats. 
Group Session Speed Pauses Rewinding Fast-forwarding Wakefulness No. of Views Quiz Scores 

1.Drowsy 
(N=4) 

4 1.10 (0.29) 0.00 (0.06) 0.05 (0.28) 0.21 (0.70) 0.59 (0.49) 0.59 (0.54) 44.6 (20.5) 
6 1.17 (0.21) 0.00 (0.06) 0.05 (0.32) 0.03 (0.28) 0.67 (0.47) 0.67 (0.48) 60.0 (9.4) 

2.Focused 
(N=8) 

4 1.19 (0.30) 0.01 (0.10) 0.01 (0.15) 0.01 (0.07) 0.99 (0.11) 0.99 (0.13) 57.1 (18.7) 
6 1.48 (0.37) 0.02 (0.13) 0.01 (0.13) 0.06 (0.31) 1.00 (0.00) 0.98 (0.18) 79.2 (17.3) 

3.Skipping 
(N=2) 

4 1.04 (0.09) 0.03 (0.17) 0.16 (0.61) 1.26 (1.62) 1.00 (0.00) 0.63 (0.53) 46.4 (5.1) 
6 1.54 (0.33) 0.03 (0.18) 0.22 (0.96) 1.58 (2.11) 1.00 (0.00) 0.68 (0.50) 73.3 (9.4) 

4.Mixed 
(N=5) 

4 1.06 (0.17) 0.00 (0.05) 0.00 (0.00) 0.05 (0.23) 0.96 (0.19) 0.84 (0.37) 15.9 (32.9) 
6 1.23 (0.39) 0.00 (0.06) 0.00 (0.00) 0.00 (0.06) 0.94 (0.24) 0.93 (0.26) 69.3 (21.4) 
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approach them using appropriate feedback. We can detect most types of leaners using clickstream 
data. However, it is difficult to find drowsy learners who also have a higher risk of drop-out. We 
acknowledge that the current approach is difficult to scale up. Nevertheless, it is an indispensable step 
in shedding light on learner types and devising ways to approach those in need of support.  Given that 
this blended course is obligatory for all undergraduate students, we aim to improve it in the future by 
automatizing real-time wakefulness estimation and implementing adaptive learning algorithms 
capable of tailoring content difficulty and adapting to learners’ engagement patterns.  

In this study, we analyzed the interaction patterns of learners with video lectures in a blended course. 
We observed three main learner groups, i.e., drowsy, focused, and skipping, and a fourth group 
including a mixture of differing interaction patterns. This investigation is a preliminary step in 
discovering learners’ video viewing behaviors in order to create an adaptive learning system that can 
support various learners, particularly those at risk, and to ultimately lower dropout rates.

  

Figure 1: Plots for each group showing the mean metrics per slide 
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