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ABSTRACT 

AN INTERVENTION FRAMEWORK FOR DESIGN AND DEVELOPMENT OF 

INTERACTIVE VIDEO LECTURES BASED ON VIDEO VIEWING 

BEHAVIORS: A LEARNING ANALYTICS APPROACH 

YÜRÜM, OZAN RAŞİT 

Ph.D., Department of Information Systems 

Supervisor: Prof. Dr. İbrahim Soner Yıldırım 

Co-Supervisor: Assoc. Prof. Dr. Tuğba Taşkaya Temizel 

September 2021, 188 Pages 

Video-based learning has become very popular together with the increase in the number 

of massive open online courses (MOOCs). Learners interacting with video naturally 

exhibit viewing behaviors based on clickstream interactions such as pause, forward, and 

backward. These are important inputs to predict learning variables and to develop an 

intervention framework. However, there is no guideline or method on how to use these 

behavioral patterns in favor of learners. The purpose of this study is to investigate learners’ 

video clickstream behaviors, and to use them to develop a framework in order to increase 

the impact of video lectures. Accordingly, three experiments were performed. In the first 

one, a pilot study with 22 students was conducted. In the second one, a more 

comprehensive experiment was performed with 29 students to develop the framework. In 

the third one, an experiment based on one group pretest-posttest design was conducted 

with 18 students to evaluate the framework. These studies reveal important insights in 

terms of both the framework and comprehensive learning analytics. The results for the 

framework show that students’ satisfaction increases significantly in interactive videos 

created based on the framework when motivation is controlled. In addition, students’ 

frequency to go back to important points decreases significantly and students’ frequency 

to skip unimportant points increases significantly in interactive videos. Apart from the 

framework, the results show that the mean of backward speeds, number of pauses, and 

number/percentage of backwards are the most important indicators in predicting students’ 

grades. Furthermore, the study also shows that video clickstream behaviors are able to 

predict grade whereas the reasons behind the behaviors are also necessary to have to be 

able to predict satisfaction successfully. However, video clickstream behaviors and their 

reasons are not enough to predict engagement significantly. 

Keywords: Intervention Framework, Learning Analytics, Educational Data Mining, 

Video-Based Learning, Interactive Videos  
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ÖZ 

VİDEO İZLEME DAVRANIŞLARINA DAYALI ETKİLEŞİMLİ VİDEO 

DERSLERİN TASARIMI VE GELİŞTİRİLMESİ İÇİN BİR MÜDAHALE 

ÇERÇEVESİ: BİR ÖĞRENME ANALİTİĞİ YAKLAŞIMI 

YÜRÜM, OZAN RAŞİT 

Doktora, Department of Information Systems 

Tez Danışmanı: Prof. Dr. İbrahim Soner Yıldırım 

Yardımcı Tez Danışmanı: Doç. Dr. Tuğba Taşkaya Temizel 

Eylül 2021, 188 Sayfa 

Video tabanlı öğrenme, kitlesel açık çevrimiçi derslerin (MOOCs) sayısının artmasıyla 

beraber çok popüler hale gelmiştir. Videoyla etkileşime giren öğrenciler, doğal olarak 

duraklatma, ileri gitme ve geri gitme gibi tıklama etkileşimlerine dayalı izleme 

davranışları sergilemektedir. Bunlar öğrenme değişkenlerini tahmin etmek ve bir 

müdahale çerçevesi geliştirmek için önemli girdilerdir. Ancak bu izleme davranışlarının 

öğrencilerin lehine nasıl kullanılacağına dair bir kılavuz veya yöntem yoktur. Bu 

çalışmanın amacı öğrencilerin izleme davranışlarını incelemek ve bunları video derslerin 

etkisini arttırmak amacıyla bir çerçeve geliştirilmesinde kullanmaktır. Bu doğrultuda, üç 

deney gerçekleştirilmiştir. İlk olarak, 22 öğrenci ile pilot bir çalışma yürütülmüştür. İkinci 

olarak, çerçeveyi geliştirmek için 29 öğrenci ile daha kapsamlı bir deney 

gerçekleştirilmiştir. Üçüncü olarak, çerçeveyi değerlendirmek için 18 öğrenci ile tek grup 

öntest-sontest modeline göre tasarlanmış bir deney gerçekleştirilmiştir. Bu çalışmalar hem 

çerçeve hem de kapsamlı öğrenme analitikleri açısından önemli sonuçlar ortaya 

koymaktadır. Çerçeve ile ilgili sonuçlar, motivasyon kontrol edildiğinde çerçeveye göre 

oluşturulan etkileşimli videolarda öğrenci memnuniyetinin önemli ölçüde arttığını 

göstermektedir. Ek olarak, etkileşimli videolarda öğrencilerin önemli noktalara geri 

dönme sıklığı önemli ölçüde azalmaktadır ve öğrencilerin önemsiz noktaları atlama sıklığı 

önemli ölçüde artmaktadır. Çerçevenin dışında, sonuçlar; ortalama geriye gidiş hızlarının, 

duraklama sayısının ve geri gitme sayısının/yüzdesinin öğrencilerin notlarını tahmin 

etmede en önemli göstergeler olduğunu göstermektedir. Ayrıca sonuçlar video tıklama 

davranışlarının notu tahmin edebildiğini, memnuniyeti başarılı bir şekilde tahmin etmek 

için davranışların arkasındaki nedenlerin de gerekli olduğunu göstermektedir. Ancak 

video tıklama davranışları ve nedenleri etkin katılımı anlamlı bir şekilde tahmin etmek 

için yeterli değildir. 

Anahtar Kelimeler: Müdahale Çerçevesi, Öğrenme Analitiği, Eğitsel Veri Madenciliği, 

Video Tabanlı Öğrenme, Etkileşimli Videolar  
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CHAPTER 1 

 

INTRODUCTION 

This chapter presents the background of the study, the statement of the problem, purpose 

of the study, significance of the study, the research questions, and the research strategy in 

order to introduce the research in detail. 

1.1 Background of the Study 

Video-based learning has attracted the interest of many instructors and researchers with 

the information and communication technology developments seen in the last decade, 

even though its roots were established many years previously. The main reasons behind 

this attraction are today’s high network bandwidth and the diversity and availability of 

portable computing devices (Ronchetti, 2013) (e.g., laptop, tablet computers, 

smartphones, etc.). The interest in video-sharing platforms such as YouTube and Vimeo 

has also played an important role in the rapid acceptance of video-based learning (Adnan 

& Redzuan, 2017). In addition, studies explaining the benefits of video-based learning 

have also encouraged instructors to adopt video-based learning (Giannakos et al., 2014). 

Instructors face an ever-increasing need to disseminate information to large student groups 

due to the increasing numbers of course participants, which has led to the steadily 

increasing availability of Massive Online Open Courses (MOOCs). High numbers of 

courses and registered learners in the most known MOOCs such as Coursera, EdX, 

Udemy, and Khan Academy clearly demonstrate the popularity of MOOCs, through 

which many users are able to reach video lectures from wherever and whenever they want.  

During video lectures, students perform video viewing behaviors based on clickstream 

interactions, such as pause, backward and forward (Shi et al., 2015). These viewing 

behaviors have attracted the attention of researchers and educators interested in the areas 

of educational data mining and learning analytics. Their focus has started to consider how 

video viewing behaviors can be applied in order to improve student learning. This interest 

has led to a new field of study known as “video-based learning analytics” or in short, 

“video analytics” (Giannakos et al., 2013; Mirriahi & Vigentini, 2017). The aim of video 
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analytics is to increase the effect of video lectures on students’ learning based on their 

video watching behavior data. 

Research conducted by Columbia University showed that the completion rate of courses 

shared on edX and Coursera was 15% or less (Hollands & Kazi, 2018). In addition, in a 

similar study conducted by the Massachusetts Institute of Technology (MIT) and Harvard 

University, the dropout rate was found to be more than 90% (Ho et al., 2014), and this rate 

had not been found to improve over the subsequent 6 years (Reich & Ruipérez-Valiente, 

2019). The main reason attributed to the high level of dropout is a lack of interactivity in 

video-based learning platforms (Chatti et al., 2016). Interactivity can be provided with 

real time in-video interventions. By analyzing students’ video viewing behaviors, 

intervention points can be extracted (Akçapınar & Bayazıt, 2018) in order to show the 

best timing for interventions based on considering the peak points at which students’ 

interactions rise (Kim, Li, et al., 2014). The interventions aim to direct students’ watching 

behaviors to desired behaviors so that the positive effect of video lectures on students’ 

learning can increase.  

In addition, students’ video viewing behaviors can provide good indicators to determine 

students at risk in terms of learning performance, satisfaction, or level of engagement. 

These three variables are considered essential metrics in evaluating the effectiveness of 

video lectures. Learning performance carries vital importance in measuring student 

understanding of a specific subject, whilst engagement related to their active participation, 

and satisfaction pertains to the fulfillment of student expectations and needs regarding 

course materials and content. Predictors of learning performance, engagement, and 

satisfaction demonstrate which students require some form of intervention. Since students 

create large amounts of data from their video viewing behaviors when watching video 

lectures, determining predictors in terms of these viewing behaviors is deemed useful and 

thereby highly applicable for platforms offering video-based learning.  

1.2 Statement of the Problem 

Video viewing behaviors based on clickstream interactions are seen as important 

indicators to determine students at risk (Mubarak, 2020). If students exhibit low 

satisfaction or low engagement levels during their video lecture watching and/or 

subsequently perform subpar in their exams, this may indicate potentially ineffective 

video lectures having been viewed. Therefore, determining students at risk during video 

lectures can help instructors to take prompt action in order to modify their students’ 

behaviors so that increased benefit can be gained from their video lecture watching. 

However, even with numerous studies in the literature on predicting learning performance, 

satisfaction, and engagement, limited studies exist which focus on the video viewing 
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behaviors of learners using video-based learning platforms to predict students’ learning 

performance, satisfaction, and engagement. 

Linear video lectures might also result in students dropping courses (Chatti et al., 2016); 

hence one reason many MOOCs are still far from being considered as interactive forms 

of teaching. Since videos form the main component of MOOCs or video sharing 

platforms, making videos more interactive will naturally meet the requirement to improve 

interactivity in MOOCs. It is suggested, therefore, that timely and successful interventions 

added to video lectures will both improve the interactivity of MOOCs and their 

effectiveness for learners (Rienties, Boroowa, et al., 2016). Video viewing behaviors can 

be used to identify intervention points in video lectures so that interactive elements can be 

effectively added to these points (Kim, Li, et al., 2014). However, educators are still 

largely unaware of how to make best use of video viewing data pertaining to their students’ 

viewing behaviors, and to make linear videos more interactive in favor of their students.  

This background demonstrates a need to develop a framework based on video viewing 

behaviors that can be applied in order to increase the impact and effectiveness of video 

lectures, and to investigate the impact of video viewing behaviors on students’ learning 

performance, engagement, and satisfaction. 

1.3 Purpose of the Study 

The purpose of this study is to investigate learners’ video viewing behaviors through the 

application of suitable data mining approaches, and then to develop a framework for the 

design and development of interactive video lectures based on students’ video viewing 

behaviors in order to increase the impact and effectiveness of video lectures. As such, 

there are two important outputs of the study: 

(1) Framework Based on Video Viewing Behaviors 

(2) Predictors of Learning Performance, Satisfaction, and Engagement 

The framework will show how click types are transformed into interactive elements with 

five questions (“where, why, which, how, what?”). As a result, it will be possible to add 

interactive elements meaningfully to linear videos based on students’ video viewing 

behaviors. 

Predictors will demonstrate the impact of video clickstream behaviors on students’ 

learning performance, engagement, and satisfaction. The study will also show 

correlations, clusters together with predictors of students’ learning performance, 

engagement, and satisfaction in order to see a more detailed effect of each different 

clickstream behavior. Based on this data-driven knowledge, it is aimed that instructors 
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may be better able to determine students at risk in terms of their learning performance, 

engagement, and satisfaction. 

1.4 Significance of the Study 

There are certain important contributions expected from this study: 

First, the study will produce a framework based on learners’ video viewing behaviors. The 

framework can then be used to guide instructors about how to create more interactive 

videos based on students’ video viewing behaviors and to help their students to learn in 

more interactive and enjoyable ways. The framework is also intended to be helpful in 

improving existing courses, especially those published on MOOC platforms. Since the 

framework is also intended to be a guideline for changing existing linear to interactive 

videos, it is expected to be a cost effective course of action when compared to the creation 

of interactive videos from scratch based on existing linear videos. The framework may 

also form a basis for the formulation of intelligent and adaptive e-learning systems.  

Second, the study aims to enable educators and researchers to determine those students 

who are at risk by predicting their learning performance, engagement, and/or satisfaction 

based on students’ video viewing behaviors. That is, the study aims to provide significant 

information regarding the video viewing behaviors of students, and to present indicators 

of both positive and negative behaviors in terms of students’ learning performance, 

engagement, and satisfaction. 

Third, the study aims to contribute significantly to the literature in terms of video-based 

learning analytics; demonstrating the importance of video analytics in a practical 

application. The study also aims to demonstrate which data is considered useful, and how 

it should be analyzed in order to improve the efficiency of video lectures, and thereby 

reveal important insights for both researchers and practitioners.  

Finally, and most significantly, learners will be able to spend their time more effectively 

during video lecture watching based on the help this study aims to provide.  

To summarize, this study is expected to be considered beneficial for three sets of 

stakeholders: learners, instructors, and researchers, as the most critical actors in the whole 

teaching and learning process.  

1.5 Research Questions 

There are six research questions in the study. The first three questions concern the 

framework that will be developed based on learners’ video viewing behaviors, while the 
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last three questions focus on the correlations, clusters, and predictors based on students’ 

viewing behaviors. 

RQ1: Are there any significant differences between linear and interactive videos 

in terms of students’ satisfaction, engagement, and learning performance? 

RQ2: Are there any significant differences between linear and interactive videos 

in terms of students’ satisfaction, engagement, and learning performance when 

motivation is controlled? 

RQ3: Are there any significant differences between linear and interactive videos 

in terms of students’ click reasons? 

RQ4: Are there any correlations between video clickstream behaviors and learning 

performance? 

RQ5: Are there any significant differences between clusters within cluster sets 

based on video clickstream behaviors in terms of learning performance? 

RQ6: Which video viewing behaviors and to what extent can these behaviors 

predict students’ engagement, satisfaction and learning performance? 

RQ1 and RQ2 investigate the effect of the developed framework based on students’ 

satisfaction, video engagement, and learning performance scores, both with and without 

considering student motivation. In addition, RQ3 analyzes which behaviors change 

according to the application of the developed framework. RQ4 investigates correlations 

between video clickstream behaviors and learning performance, while RQ5 studies 

clusters based on students’ video clickstream behaviors and differences among clusters in 

terms of learning performance. Finally, RQ6 aims to predict learner satisfaction, 

engagement, and learning performance scores according to their video viewing behaviors 

(video clickstream behaviors and click reasons), and to identify their predictors. 

1.6 Research Strategy 

Three different studies are performed in the study in order to answer the research 

questions. Table 1 introduces each study, including its research design, aim, and 

participants. Each are then presented in detail in the Research Method section. 
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Table 1. Research Strategy 

Study Research Design Aim Participants 

Experiment 1  

(Pilot Study) 

One shot case study 

design 

Assess the capability of current 

video analytic tools. 

Identify correlations between 

students’ video clickstream 

behaviors and learning 

performance. 

Help in designing Experiment 2. 

22 students enrolled to 

“Principles and Methods 

of Instruction” course 

(2017-2018 Spring 

semester) 

Experiment 2  One group pretest-

posttest design 

Develop a framework based on 

video viewing behaviors. 

29 students enrolled to 

“Principles and Methods 

of Instruction” course 

(2018-2019 Spring 

semester) 

Experiment 3  

(Main Study) 

One group pretest-

posttest design 

Evaluate the developed 

framework. 

Investigate video viewing 

behaviors’ impact on students’ 

learning performance, 

engagement, and satisfaction by 

focusing on correlations, 

clusters, and predictors. 

*18/16 students enrolled 

to “Principles and 

Methods of Instruction” 

course (2019-2020 Fall 

semester) 

*18/16 relates to 18 students used to evaluate the developed framework, while data for 16 students were 

used to investigate their video viewing behaviors through comprehensive learning analytics. Details are 

explained in Section 4.2. 

1.7 Organization of the Thesis 

This thesis is presented as five chapters and is organized as follows:  

Chapter 2 presents the related works from the literature regarding video-based learning, 

video-based learning analytics, interventions, interactive videos, and learning analytics 

framework. 

Chapter 3 presents the research methodology including the research design. In addition, 

the participants, data collection instruments, and procedures are explained in detail for 

each of the study’s three experiments. 

Chapter 4 presents the results of the study through association with the research questions 

for both the framework and clickstream behaviors.  
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Finally, Chapter 5 discusses and presents a conclusion to the study’s findings. Also 

included in this chapter are implications for learning design and learning experience 

design, as well as limitations of the current study and an outlook to future works. 
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CHAPTER 2 

 

LITERATURE REVIEW 

This chapter presents the related works in the literature that have researched video-based 

learning, video-based learning analytics, interventions, interactive videos, and learning 

analytics framework. In the section on Video-Based Learning, the history and advantages 

of video-based learning, video types, and the teaching methods used in video-based 

learning are detailed. In the Video-Based Learning Analytics section, the published 

literature on watching behaviors, clickstream interactions, data mining approaches, tools 

for video-based learning, and predictions are presented. In the section on Learning 

Analytics Interventions, previous studies about learning analytics interventions are 

mentioned, whilst in the Interactive Videos section, detailed information is provided about 

the literature on interactive videos and interactivity techniques used in videos. Finally, in 

the section on Learning Analytics Framework, existing frameworks that have been 

published are introduced. 

2.1 Video-Based Learning 

Video-based learning is a popular learning approach today, with increasing numbers of 

MOOCs and video-sharing platforms such as YouTube and Vimeo used in the educational 

setting. Educational films and television programs, as well as video cassettes and DVDs 

have also historically contributed to the development of today’s video-based learning 

(Kleftodimos & Evangelidis, 2016a; Yousef et al., 2014). Increases in internet/network 

bandwidth and the variety of devices now commonly available has facilitated access to 

video lectures for the masses (Ronchetti, 2013). This has substantially increased the 

popularity of video-based learning across all areas. Lastly, the COVID-19 pandemic has 

forced many to access lectures online from their home in the absence of traditional face-

to-face lectures and classroom/laboratory teaching venues. Video-based learning has now 

become an essential part of today’s education. 

In addition, studies have described various benefits of video-based learning in order to 

encourage teachers to utilize video-based teaching within their lessons (Giannakos et al., 

2014). Considering the various published studies in this area, the most important and 
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significant benefits of video lectures can be summarized as follows (Yürüm & Yıldırım, 

2020): 

 Video lectures can be accessed with relative ease from almost any device; 

 Video lectures reduce learning costs as they can be reached by many users at the 

same time, and can also be reused; and, 

 Video lectures can be accessed at virtually any time and any place. 

2.1.1 Video Types  

There are different types of videos employed in education. In the literature, the types of 

videos are determined according to the purpose of the study. Decomposition criteria can 

be production style, interactivity, or time as a means of categorizing videos into specific 

types. For example, some studies categorize videos according to production styles such as 

Khan Style, talking head, PowerPoint slides with a voice, etc. (Kim, Li, et al., 2014; Sinha 

et al., 2014). On the other hand, others base their categorization on videos being either 

interactive or linear (Kleftodimos & Evangelidis, 2014b), and Mirriahi and Vigentini 

classified videos as being either synchronous or asynchronous based on time as a deciding 

factor (2017). 

2.1.2 Teaching Methods for Video-Based Learning  

The growing interest in video-based learning has led to the emergence of a significant 

number of teaching methods that include the use of video content as a teaching medium. 

According to Yousef et al. (2014), these teaching methods can be categorized into six 

areas, with collaborative learning, micro teaching, video summarization, video 

assessment, hybrid learning, and student-centered learning. The collaborative learning 

approach expects students to work together, sharing their ideas, resources, and activities 

during or after watching video content. While video summarization methods aim to help 

students learn by summarizing the video content they have seen, video assessment 

methods aim to help teachers evaluate student progress. Micro teaching is a method that 

uses the medium of video in teacher evaluation and assessment. In addition, hybrid 

teaching methods have also become popular today, with the flipped classroom being one 

such method that has attracted many educators because it enables learners to learn more 

subjects within a shorter period. Other than these methods, some published studies have 

utilized videos in student-centered learning. However, Yousef et al. (2014) emphasized 

that only 15% of studies relate to student-centered learning, while 85% are teacher-

centered. Today, MOOCs are at the heart of video-based learning; therefore, when the 

large number of learners enrolled in MOOCs is considered, the potential for turning this 

area to being student-centered presents some considerable barriers for educators.  
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All of these teaching methods show the popularity of video-based learning, even though 

it may not be easy to implement many such methods within MOOCs. In addition, these 

teaching methods are also examples of the academic application of videos. 

2.2 Video-Based Learning Analytics 

Learning analytics aims to improve the efficiency of education (Volungevičienė et al., 

2019). Naturally, video-based learning analytics aims to enhance learning with 

educational data obtained from platforms that include video lectures (Giannakos et al., 

2016). Therefore, video-based learning analytics, sometimes referred to as video analytics 

in educational articles, has attracted researchers as a means to improving student learning 

via data-driven approaches.  

Mirriahi and Vigentini defined video-based learning analytics as “the collection, 

measurement, and analysis of such data for the purposes of understanding how learners 

use videos” (2017, p. 251) and in integrating videos into the definition of learning 

analytics put forwards by Siemens (2013). Studies in this area have increased steadily 

following on from the initial workshop held on analytics from video-based learning 

(WaVe 2013), which was organized as part of the 3rd Conference on Learning Analytics 

and Knowledge (LAK 2013). 

Video-based learning analytics is seen as a useful means to understanding the 

effectiveness and design essentials of video lectures (Akçapınar & Bayazıt, 2018). In 

addition, it is also helpful for use in understanding students’ learning performance and 

also to improve teaching techniques (Giannakos et al., 2015). With the help of analytics, 

educators are better able to appraise video lectures in the flipped classroom or MOOC 

setting in terms of their differing perspectives (Lau et al., 2018). 

In this context, analytical approaches for video-based learning provide benefits for four 

different stakeholder groups (students, teachers/instructors, researchers, and 

administrators) (Yürüm & Yıldırım, 2020), therefore: 

 Students will be able to follow video lessons according to their personal needs; 

 Teachers will be able to access important tips on the improvement of video 

lectures; 

 Researchers will be able to investigate variables such as dropout, engagement, and 

learning performance by collecting and utilizing certain metrics in video lectures; 

and, 

 Administrators will be better able to make quick decisions regarding video 

lectures. 
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2.2.1 Video Viewing Behaviors 

Researchers investigate learners’ video viewing behaviors in order to understand their 

video viewing habits (Hildebrand & Ahn, 2018). While some behaviors relate to general 

properties such as video popularity and watching time (Qiu & Cui, 2010; Zhou et al., 

2014), others focus on specific click types such as pause, forward, and backward (Conole 

et al., 2015; Lemay & Doleck, 2020; Sinha et al., 2014; Yang et al., 2018; Yu et al., 2019). 

From the studies that have focused on clickstream interactions, some have centered on 

transitions or sequences between click types in order to spot similar behaviors in users 

(Sinha et al., 2014; Yu et al., 2019), whereas others have considered the numbers of 

clickstream interactions (Lu et al., 2018). 

2.2.2 Clickstream Interactions Based on Video Viewing Behaviors  

Video clickstream interactions offer significant potential to improve the outcome of video-

based lectures (Kim, Guo, et al., 2014), through revealing valuable insights about different 

learner behaviors (Giannakos et al., 2014). Interaction peaks are defined as the points 

within a video where click operations such as pause, backward, and forward are 

performed the most, indicating either points of interest or confusion for users (Kim, Li, et 

al., 2014). Interaction patterns, generated by video clickstream data are then used in order 

to understand the learners’ characteristics and also to understand their learning strategies 

(Conole et al., 2015; Dimitrova et al., 2017; Kleftodimos & Evangelidis, 2014b; Kuo et 

al., 2015; Ullrich et al., 2013). Researchers have recently investigated the relationships 

between video clickstream behaviors and variables such as student engagement to a 

course/lesson and their academic achievement, and have revealed that a set of clickstream 

behaviors may be employed in the measurement of these variables (Brinton et al., 2016; 

Kleftodimos & Evangelidis, 2014b; Lemay & Doleck, 2020). There have also been studies 

published that have focused on learners’ watching behaviors which aim at revealing 

students’ learning styles (Brooks et al., 2013; Kleftodimos & Evangelidis, 2014a); 

however, the published studies have yet to venture beyond determining learning styles or 

predicting variables such as learner performance.  

There are a variety of interactions used in studies based upon the video watching behaviors 

of students. Video clickstream interactions have also been used as “events” in some 

studies. The existing literature generally includes one or a number of behaviors as shown 

in Table 2. In the literature, these interactions have been tracked by using Open edX, an 

institution’s own platform, or a learning management system. The video clickstream 

interactions found in the literature are: Play, Pause, Backward (Seek/Jump), Forward 

(Seek/Jump), Speed Up, Speed Down, Mute, Unmute, Full Screen On, Full Screen Off, 

Show Subtitle, Hide Subtitle, Show Transcript, Hide Transcript, Download Video, 

Start/View, Stop, Replay, Load, Complete/End, and Exit Video. The existing studies 
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generally include some of these within their research, although Play and Pause are the 

mostly widely used interactions in the current literature. Based on these interactions, 

different types of features have been used in the studies according to their aim or scope. 

These features are generally derived by using the terms listed in Table 2:  

Table 2. Example Features Used in the Literature 

Term Feature 

Average 

 

Average Time Spent per Video 

Average Number of Repetitions per Video 

Percentage Percentage of Completed Videos 

Percentage of Started Videos 

Fraction/Proportion 

 

Fraction Completed 

Fraction Played 

Number 

 

Number of Pauses 

Number of Plays 

Number of Views 

Time Time Spent in Pause 

Replayed Video Time 

Total 

 

Total Time Spent 

Total Number of Clicks 

The features derived from video clickstream interactions were mostly used together with 

the additional features related to exercise, navigation, or forum. A few studies have used 

them directly and focused only upon the video clickstream behaviors. The features 

generally show either a count or a time as a value, and are either continuous or ratio 

variables.  

2.2.3 Data Mining Approaches 

Many data mining approaches have been applied in video-based learning, although they 

vary according to the purpose of the research and the type of data obtained. Algorithms 

belonging to four basic categories (classification, regression, clustering, and association 

rules) found in data mining have been used in studies researching video-based learning. 
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Regression studies are generally used to predict students’ learning performance, whilst 

classification algorithms are used both to measure the probability of dropping out of video 

lessons and to assign video lectures or students to a particular class. Clustering algorithms 

are preferred more to reveal previously unspecified patterns of video lessons or students 

based on in-video behavior, and especially for the determination of different learning 

styles. Association rules are algorithms used to determine video lessons watched together. 

2.2.3.1 Clustering 

The existing studies have generally used clustering algorithms to group students or videos 

based on similar characteristics according to learners’ watching behaviors. Each group 

includes between two and 10 pattern differentials according to the setting environment 

and participant. Whilst some are named directly with clicks such as long pause and 

frequent pause, others are more generically named based on behavioral characteristics 

such as regular watcher, engaged watcher, and pauser watcher. In total, 10 different 

clustering examples were noted regarding students’ watching behaviors. Many of these 

examples aim to reveal the characteristics of engaged students, achieved students, 

interested students, and self-regulated students based on the specific purpose of the 

research. In doing so, studies are able to determine the learning strategies of students so 

that they can better design video lectures to address varying types of students in the future. 

In addition, such studies are helpful in identifying problematic behaviors, which can be 

changed to desired learning behaviors through appropriate interventions.  

The most frequently used algorithm to cluster learning behavior in the literature has been 

k-means, since it is the most popular algorithm used for grouping. In a study conducted 

by Kleftodimos and Evangelidis (2016a), a video-based learning environment for learning 

image editing techniques was used to collect data about learner’s behaviors. In their study, 

four different clusters were discovered using k-means algorithms. In addition to in-video 

behaviors, the study considered additional actions such as exercise link clicks, save clicks, 

and section links to cluster students’ learning strategies. 

Kleftodimos and Evangelidis (2014b) also used k-means algorithm in order to measure 

learner engagement and video popularity, using different metrics for each. They grouped 

learners according to linear or interactive video preferences by taking into account 

attributes such as percentage of linear videos, percentage of interactive elements, number 

of days viewing, and number of actions. They also employed metrics such as times started, 

times abandoned, number of learners, and actions per video to measure video popularity. 

As a result, they found five learner engagement clusters and two video popularity clusters.  

Dimitrova et al. (2017) determined three different styles of engagement by using k-means 

algorithms to guide researchers about intervention times. According to their study, self-
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regulated learners form the ideal learner group, while parochial learners require the 

highest number of interventions.  

Kuo et al. (2015) also used k-means as a clustering algorithm, supporting their results with 

statistics and other data mining approaches such as decision trees and sequential patterns. 

Their study showed that the use of course videos affected learning outcomes.  

In addition to those studies related to learning videos, video viewing behaviors in a movie 

trailer were also tracked and grouped according to the k-models clustering algorithm, 

which is an extension of the k-means algorithm (Mongy, 2007).  

Differently from these studies, Conole et al. (2015) used Neural Gas, a neural network-

based convex clustering algorithm to find video interaction patterns to reveal relationships 

between video interactions and perceived video difficulty, video revisiting behaviors, and 

student performance. Their findings emphasized the importance of changing video 

behaviors and pause times for intervention and interaction, as well as determining 

revisiting parts for quick access. 

2.2.3.2. Classification 

The literature includes only a limited number of studies that utilized classification 

algorithms to analyze students’ video watching behaviors. Kuo et al. (2015) classified 

videos as on time, early, late, and review according to the access time of students by taking 

the scheduled period into account. In addition, Ullrich et al. (2013) used k-nearest 

neighbor as a classification algorithm to investigate whether or not viewing patterns such 

as rewind or skip forward could predict a set of variables including student score, student 

pass, teacher rating, course ID, course category, student ID, and teacher ID. 

2.2.3.3 Regression 

Regression algorithms are used to predict the continuously dependent variable. 

Accordingly, video-based lessons were the more preferred for predicting students’ 

learning performance. Principally, students’ learning performance can be predicted using 

the multiple linear regression algorithm (Conijn et al., 2018; Almeda et al., 2018; Yang et 

al., 2018). These studies investigated to what extent the metrics related to general usage 

such as video views predict students’ performance. The literature emphasizes that by 

discovering metrics that predict students’ learning performance, courses can be designed 

in advance in consideration of these metrics, and that students’ learning performance can 

be increased through interventions as deemed necessary. 
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2.2.3.4 Association Rule Mining 

The literature contains only a very limited number of studies using association rule mining 

in video-based learning. In one such study, Kleftodimos and Evangelidis (2014b) applied 

association rule mining algorithm in addition to clustering algorithm, with the aim to 

identify videos watched together within a single session by using the apriori algorithm. 

Three consecutive videos which were reportedly not easily understood by students during 

their laboratory session were found to have been viewed mostly together.  

2.2.3.5. Summary  

The related studies show that many used clustering algorithms, whilst a few applied 

classification and association rule mining algorithms in video-based learning. Some 

studies also supported their results with statistical approaches such as ANOVA and 

Kruskal-Wallis test. Moreover, in studies related to video-based learning, basic data 

mining approaches were often used as the method of data analysis. However, different 

machine learning algorithms could be used to improve the prediction and classification 

performance of video analytics applications. 

2.2.4 Tools for Video-Based Learning Analytics 

There are a number of different tools that offer an analytics feature for video-based 

learning, and these can be categorized as either “Academic Video Analytic Tools” or 

“Other Video Analytic Tools.” 

2.2.4.1. Academic Video Analytic Tools  

Several video analytics tools have been developed for the purpose of tracking the video 

behaviors of students that watch videos from educational video platforms. Whilst some 

support the video players, others support the video together with the learning environment 

such as learning management systems.  

The most significant video analytics tool published is SocialSkip, as developed by 

Chorianopoulos et al. (2014) to track play, pause, backward, and forward actions of users 

in YouTube videos. The tool stores behavioral data with six attributes, which are TesterID, 

Time, TransactionID, TransactionTime, Transaction, and Skiptime as a CSV. Based on 

the collected data, the tool provides two different graphs for both backward and forward 

analysis in order to show the parts that were skipped as backward or forward on a timeline.  

VisMOOC is a video analytics system developed by Shi et al. (2015) to help instructors 

and researchers to analyze students’ video behaviors in MOOC platforms such as 
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Coursera. VisMOOC has two important graph features: Event Graph and Seek Graph. 

Event graph shows the number of different events as play, pause, seeked, ratechange, 

stalled, and error in timeline for different types of videos, whereas the Seek graph shows 

backward and forward density on a timeline. With the help of the VisMOOC tool, it is 

also possible to attain summary statistics for clickstream data and changes in learning 

behavior over time.  

In addition to SocialSkip and VisMOOC, several other video analytics tools have been 

mentioned in the literature related to video-based learning analytics. These less commonly 

used tools are the Active Video Watching (AVW) system (Dimitrova et al., 2017), 

CourseMapper (Chatti et al., 2016), CLAS (Risko et al., 2013), and LIVE Interaction in 

Virtual Learning Environments (Wachtler, Khalil, et al., 2016).  

2.2.4.2. Other Video Analytic Tools  

In addition to the academic video analytic tools, current video cloud platforms also include 

analytics features that could be employed in others areas, including education. YouTube, 

which is the most popular video site on the web today, also includes its own video 

analytics feature known as YouTube Analytics. This platform can provide a variety of 

reports about YouTube videos, categorized as Watch Time Reports and Interaction 

Reports. Watch Time Reports provide general information about video watching time, 

audience retention, demographics, playback locations, traffic sources, devices, and 

translations, whilst Interaction Reports cover subscribers, likes and dislikes, comments, 

and sharing. However, these all indicate generic interest about a video; that is, you can 

obtain limited information such as average watching time, numbers of likes and comments 

etc. In addition, it is not possible to obtain information about specific users’ preferences.  

Vimeo is another popular video cloud platform, and which includes four important 

analytical features. First, it provides statistical information such as number of plays, 

finishes, likes, and comments at a glance. The second feature shows demographic 

information such as viewers’ locations. The third tracks how videos perform over time, 

with numbers of plays, likes, and finishes shown against a timeline graph for a specific 

video. The fourth feature creates and exports custom reports including both statistical 

information and graphics. 

2.2.4.3. Summary  

All video analytics tools are valuable to a certain degree based on their specific purpose, 

with each tracking different metrics (clickstream interactions or metrics) about learners or 

users. In addition, they can also provide limited video analytics; however, these analytics 

need to be improved in order to increase the effectiveness of video-based learning. A tool 
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having the flexibility to support the track of each metric and provide more detailed 

analytics based on these metrics can elicit a greater video-based learning effect. As such, 

the metrics discussed in this section are significant indicators for those looking to develop 

their own video analytics tools.  

2.2.5 Predictions 

2.2.5.1 Learning Performance (Grade) Prediction 

Predicting the learning performance of students has long been a focus for academic 

researchers. By developing prediction models or determining the predictors of learning 

performance, it is possible to detect students who are at risk of course failure or dropout 

(Mubarak, 2020). These predictions can therefore also be used to provide insight regarding 

the timing of interventions (Lu et al., 2018). Numerous studies have focused on predicting 

students’ learning performance (Brinton et al., 2015; Guo et al., 2015; Hasnine et al., 2018; 

Soni et al., 2018); however, only a few have focused on the watching behaviors of students 

to predict students’ learning performance. 

Lu et al. (2018) investigated several features such as out-of-class practice behaviors, 

homework and quiz scores, as well as certain watching behaviors in order to predict 

students’ academic performance on a blended Calculus course. Their study focused on the 

number of times students registered certain click types each week as watching behaviors. 

Their results found seven critical factors including number of backwards per week and 

number of plays per week as watching behavior which were then used to determine student 

academic performance.  

Yang et al. (2017) used a time series neural network to predict students’ learning 

performance, with past quiz performance data and clickstream data employed together as 

input to predict average Correctness on First Attempt (CFA) scores on quizzes.  

A study conducted by Hasan et al. (2020) predicted higher education students’ 

performances using various features such as student academic information, students’ 

activity, and student video interactions, and then compared data mining algorithms in 

terms of prediction. Random Forest algorithm gave the best results; however, the separate 

impact of watching behaviors on academic performance could not be inferred from their 

study since the previous coursework or exam scores were included in the prediction of the 

students’ academic performance.  

Yu et al. (2019) determined seven behavioral patterns based on viewing behavior 

sequences, and then predicted whether or not a student would pass a course based on the 

total number of each pattern using different algorithms. Similarly, Brinton et al. (2015) 
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used sequences to find patterns, and then investigated the relationships between these 

patterns and CFA in quizzes by attempting to predict CFA from recurring patterns. 

There are also other studies that have focused on video watching behaviors in order to 

predict learning performance (Gardner & Brooks, 2018; Lemay & Doleck, 2020; 

Mbouzao et al., 2020). However, the current literature is only helpful in predicting 

learning performance to a certain degree. Currently, researchers use either similar features 

or aggregated features by disregarding that students may perform different behaviors 

when watching different videos. 

As can be seen from the literature, the current trend of predicting learning performance 

based on watching behaviors has begun to increase in recent years. The current study, 

however, aims to present an alternative angle by showing the relationships, clusters, and 

predictions together in order that collectively they will provide researchers and instructors 

with greater insight with a more holistic picture. In addition to the number of clicks, the 

current study also includes relative percentage of clicks, forward speed, and backward 

speed as video viewing behaviors. Repeated measures and analysis suited to repeated 

measures are considered another strong side of the current study. 

2.2.5.2. Engagement Prediction 

Engagement is a necessary prerequisite for learning (Guo et al., 2014) and, therefore, 

understanding learner engagement is vital to achieving pedagogical effectiveness from 

video lecturing in MOOCs (Hu et al., 2020). Historically low completion rates on MOOCs 

has motivated researchers to focus on the issue of student engagement (Brinton et al., 

2016). Clickstream data can provide important information about how students engage 

with video-based lectures (Lin et al., 2017). By analyzing students’ video watching 

behaviors, researchers can determine if a student skips over certain important points of a 

video or replays these points (McGowan & Hanna, 2015). There have been a number of 

studies published that have attempted to predict student engagement according to video 

watching behaviors (Mongkhonvanit et al., 2019). Körösi et al. (2018) aimed at predicting 

course completion and student engagement based on clickstream data by comparing 

different machine learning algorithms. Their results showed that the most effective 

algorithms were Random Forest and Bagging. Lan et al. (2017) also focused on how 

behavioral data can be used to model student engagement, whilst Aguiar et al. (2015) 

focused on using clickstream data to predict student engagement. Xie et al. (2017) 

modeled student engagement with explicit features such as video watching time. In 

addition, the effect of video production variables on student engagement was investigated 

by Van Der Sluis et al. (2016), whilst Guo et al. (2014) examined how video production 

decisions have a role in student engagement. 
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These existing studies have shown that students’ video watching behaviors based on 

clickstream data can have an important role in predicting student engagement. By using 

these predictions, interventions can be applied to improve courses (Mongkhonvanit et al., 

2019). Nevertheless, there has been a lack of studies related to student engagement 

(Giannakos et al., 2016); hence, further investigation is needed in order to clearly reveal 

those watching behaviors that may predict student engagement. Mubarak (2020) 

especially emphasized the importance of investigating implicit features such as pause, 

forward, or backward rather than explicit features such as views or annotations.  

2.2.5.3. Satisfaction Prediction 

Satisfaction is one of the most important variables investigated in order to measure the 

effectiveness of learning (Zhang, 2005). Many studies in the literature have focused on 

student satisfaction, and these mostly relate to video lectures where student satisfaction is 

examined by either comparing online learning with traditional learning, or by comparing 

interactive videos with linear videos (Allen et al., 2002; Choe et al., 2019; Hilgenberg & 

Tolone, 2000; Roach & Lemasters, 2006; Zhang et al., 2006).  

Even where studies have concentrated on satisfaction, the number trying to predict 

satisfaction has been fewer than for engagement and learning performance. The prediction 

of satisfaction in MOOCs or in distance learning has usually been examined by focusing 

on metrics pointing to separate scores for content, structure, assessment, or instructors 

(DeBourgh, 2003; Hew et al., 2020), whilst satisfaction predictors have yet to be 

investigated in terms of video viewing behaviors. The current study, therefore, was based 

on the premise of viewing behaviors being useful in predicting student satisfaction, just 

as with learning performance and engagement. 

2.3 Learning Analytics Interventions 

Interventions are considered crucial as a means to encouraging students who are at risk of 

failure, and also to help teachers make their lectures more effective (Na & Tasir, 2017). 

In general, interventions are used to change behaviors from undesirable to desirable in 

order to positively affect student learning. Interventions can also help provide just-in-time 

support to students (Wong & Li, 2020).  

Many types of data have been used to determine the most appropriate intervention points, 

with students’ online learning behaviors, study performance, demographics, and course 

selection information among the most preferred data used in the literature (Wong & Li, 

2020). However, the existing studies have generally disregarded students video data. 

Clickstream interactions such as play, pause, forward, and backward can help provide a 

picture about students’ futures according to the video lectures that they watch (Sinha et 
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al., 2014). They are also seen as useful in determining the correct timing for interventions 

so as to increase the effectiveness of video-based lectures. Timely and successful 

interventions will therefore help learners to benefit from the video lectures they view 

(Rienties, Boroowa, et al., 2016).  

Most studies have focused on interventions such as the sending out of e-mails (Klein et 

al., 2019; Rienties, Cross, et al., 2016; Wong, 2017). However, such intervention types 

are not considered to be “just-in-time interventions,” whilst watching video lectures 

naturally requires some form of immediate intervention. The existing studies have shown 

that the development and application of interventions for video-based learning can play 

an important role in the field of learning analytics, and thereby, further investigation is 

required in order to increase the effectiveness of video lectures through the development 

and employment of just-in-time interventions. 

2.4 Interactive Videos 

Many students do not complete their courses because of the requirement to watch 

straightforward linear video lectures (Chatti et al., 2016). Therefore, educators have 

started to focus on interactivity techniques in order to keep students more attentive and 

active during video-based lectures. Many studies have focused on the importance of 

interactive videos; however, it can be said that many MOOCs are still far from being 

interactive.  

Suitable interactivity and intervention techniques can also be determined by tracking the 

watching behaviors of learners. Then, matching suitable interactivity techniques with 

different watching behaviors can help to increase the impact of a video lecture, as each 

interactivity technique is not necessarily appropriate for every type of watching behavior. 

Watching behaviors are considered useful input that may be used to make linear videos 

into interactive videos, and therefore existing linear videos in MOOCs could be 

transformed to become interactive. The most popular form applied involves the 

embedding of questions, with question types varied based on the context or purpose of the 

video. Multiple-choice, open-ended, and true-false questions are generally the most 

preferred (Wachtler, Khalil, et al., 2016). To date, few studies have investigated the effect 

of embedded questions in videos (e.g., Mar et al., 2017; Rice et al., 2019; Vural, 2013; 

Wachtler, Hubmann, et al., 2016).  

Existing studies emphasized the positive effect of making interactive videos on students’ 

learning (Cherrett et al., 2009). The study conducted by Zhang et al. (2006) showed that 

integrating interactive instructional videos into e-learning systems can accelerate students' 

learning and satisfaction.  Petan et al. (2014) also concluded in their studies that interactive 

videos should be main resources of MOOCs. 



22 

 

2.5 Learning Analytics Framework 

The number of studies that have aimed at developing a framework for learning analytics 

has increased recently. However, these frameworks have generally focused on the 

evaluation, implementation, or design architecture of learning analytics systems. That is, 

while some have evaluated systems according to predetermined dimensions or items, 

others have produced guidelines about how to implement learning analytics, as well as 

how to design the architecture of learning analytics systems.  

An evaluation framework was developed by Scheffel (2017) to standardize the assessment 

of learning analytics tools, based on five dimensions (objectives, learning support, 

learning measures and output, data aspect, and organizational aspect), with each 

dimension including four items regarding consideration. Another framework was 

developed by Bakharia et al. (2016) to evaluate systems, and used a framework with five 

dimensions (temporal analytics, tool-specific analytics, cohort dynamics, comparative 

analytics, and contingency), with each dimension including specific metrics and 

visualizations in the evaluation of learning analytics systems.  

In terms of implementation, two studies have attracted the attention of researchers. First, 

Greller and Drachsler (2012) introduced a framework of six dimensions (stakeholders, 

objective, data, instruments, external limitations, and internal limitations). The second 

framework, published by West et al. (2016), considered the implementation of learning 

analytics with a two-dimensional framework. The first dimension included the domains 

of institutional context, transitional institutional elements, learning analytics 

infrastructure, transitional retention elements, learning analytics for retention, 

intervention, and reflection, while the second dimension included a set of questions for 

each domain. 

Two frameworks have focused on the design architecture of learning analytics systems. 

Fernández-Gallego et al. (2013) proposed a framework consisting of two components: 3D 

EVW platform and process mining system. The framework uses process mining 

algorithms based on system event logs to follow the learning flow of a course. 

Alternatively, the framework developed by Lu et al. (2017) proposed a system architecture 

showing a number of subsystems and services. 

There have also been intervention-related studies in the literature that have focused on 

learning analytics, even though they use different terms such as model, engine, or 

approach rather than framework (Gong & Liu, 2019; Şahin & Yurdugül, 2019; Zhang et 

al., 2020). 

Even though the frameworks proposed in the literature are considered valuable for 

implementing, evaluating, or designing learning analytics systems, they do not consider 

the video dimension. Since videos form the primary component of a MOOC, video 
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viewing behaviors may therefore play an important role in the development of a 

framework for video-based learning analytics. In addition, the existing studies have 

generally focused on frameworks at the macro level; that is, they have generally included 

institutional terms that are very hard for instructors to implement. Moreover, these 

frameworks include various constructs that have led to them being seen as complex. 

Differently from the existing literature, the current study focuses specifically on the 

development of a video-based learning analytics framework, from which instructors can 

improve their video lectures based on their application of the framework. The other 

advantage of the proposed framework is that it can be integrated into existing frameworks, 

since none as yet consider the video dimension. That is, it may be seen as a complementary 

framework for existing frameworks that currently disregard video watching behaviors and 

interactive videos. 

2.6 Learning Variables in Online Courses 

There have been a number of studies published with a focus on learning variables in online 

courses. Learner satisfaction, engagement, and academic performance are the primary 

variables investigated in such studies (Rajabalee & Santally, 2021), and they have 

searched for different factors affecting the learning variables (Muñoz-García & Villena-

Martínez, 2021).  

2.6.1 Satisfaction 

Learner satisfaction is an important learning context when evaluating the efficiency of 

online courses in distance education, as well as having also been associated with learning 

performance (Kuo et al., 2014). In the current literature, it has been observed that the 

relationship between interaction types and learning satisfaction, as well as the relationship 

between variables of the Technology Acceptance Model (TAM) and satisfaction, have 

been especially investigated.  

In a considerable number of studies, the effect of the primary types of interaction have 

been examined on learner satisfaction of online courses. In a study conducted by Gameel 

(2017), while learner-content interaction was found to be an important indicator of 

satisfaction, learner-learner and learner-instructor interactions were not found to have any 

direct relationship with learner satisfaction. In another study, Cho (2011) suggested 

learner-interface interaction as a means to increasing learner satisfaction, which is 

sometimes referred to as learner-technology interaction (Dzakira, 2003). Strachota (2003) 

reported that learner-content interaction was the most important indicator, while learner-

instructor and learner-satisfaction interaction were of secondary importance as indicators 

of students’ levels of satisfaction. A number of studies have emphasized the benefits of 

learner-instructor interaction on student satisfaction (Dennen et al., 2007; Keeler, 2006); 
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however, it has not been possible for instructors to provide this type of interaction in 

MOOCs due to the vast numbers of participants (Khalil & Ebner, 2015).  

In addition to interaction-related studies, learner satisfaction for online courses has also 

been evaluated in studies with a focus on the (TAM) or similar variables of that model 

(Al-Azawei et al., 2017; Nagy, 2018). A significant numbers of studies have aimed to 

develop an extension of TAM to include learner satisfaction, with different names such as 

“perceived satisfaction” (Al-Azawei & Lundqvist, 2015). Studies have highlighted the 

importance of learner satisfaction in the acceptance of online courses. 

In the wide variety of satisfaction-related studies published, their findings have shown 

satisfaction to be a variable requiring further investigation in order to increase the 

efficiency of online courses. Especially, if a study focuses on interactivity in online 

courses, it still stands out for researchers. 

2.6.2 Engagement 

The quality of learning in online courses can be assessed by observing learners’ 

engagement (Shukor et al., 2014). Therefore, understanding engagement in online courses 

carries vital importance (Kahn et al., 2017). Accordingly, it is considered by researchers 

as one of the most preferred indicators for evaluating learning outcomes (Jung & Lee, 

2018). However, the term “engagement” has been defined differently in the literature, and 

various studies have differentiated in their focus according to their general purpose. In 

order to clarify the meaning of engagement and to elaborate on engagement-related 

studies, Redmond et al. (2018) attempted to explain it in terms of a multidimensional 

perspective, and as such introduced five dimensions of engagement:  

 Cognitive engagement 

 Behavioral engagement 

 Emotional engagement 

 Social engagement 

 Collaborative engagement 

Cognitive engagement includes self-regulation techniques and metacognitive efforts 

(Wang & Eccles, 2012), and is seen as the most beneficial indicator for high learning 

performance (Dogan, 2015). Behavioral engagement relates to learner participation in 

learning activities (Buelow et al., 2018), whilst Emotional engagement concerns 

emotional reactions such as interest, boredom, happiness, sadness, and anxiety related to 

learning activities (Hu & Li, 2017). Social engagement means a student’s desires and 

efforts to socialize (Daniels et al., 2016), and Collaborative engagement refers to a 

student’s cooperation with their peers and instructor/s to increase learning (Ghaemi & 
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Lam, 2021), although there has been little research published about this dimension of 

engagement (Järvelä et al., 2016). 

From these dimensions, cognitive, behavioral, and emotional are the most referred to 

dimensions of engagement in the literature (Park & Yun, 2018; Pellas & Kazanidis, 2015; 

Peng, 2017). Of course, different studies can utilize different dimensions depending on 

their research focus (Cho & Cho, 2014; Li & Baker, 2018). In addition, while some studies 

also use the term “interactivity” interchangeably with engagement in online courses 

(Northrup, 2001; Smith & Winking-diaz, 2004), many other studies decompose 

engagement from interactivity (Al-rahmi et al., 2015; Blasco-arcas et al., 2013).  

The existing studies in the literature emphasize the need to explore students’ engagement 

in order to make online courses work better (Czerkawski & Lyman, 2016), as well as 

revealing important findings about the factors that affect learner engagement. 

2.6.3 Learning Performance 

Learning performance or Academic performance refers to the learning outcome 

represented by a measurement score (Sullivan et al., 2017). It is also referred to as 

students’ performance, grade, or achievement in the literature (Morris et al., 2005; 

Nakayama et al., 2007; Puzziferro, 2008). Academic performance shows to what extent 

learning goals have been attained in an online course. The number of studies that have 

focused on academic performance has been quite high when compared to other learning 

variables, since it is the most concrete and recognizable indicator of student success within 

online courses. The current studies have generally investigated relationships between 

different variables and academic performance in online courses in order to reveal which 

factors are the most affective on learners’ academic performance (Coldwell et al., 2008; 

Gupta et al., 2013; Yeboah & Smith, 2016). All of these studies have shown that learning 

performance has been a major focus for researchers for many years, as well as still being 

current in the latest literature. 
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CHAPTER 3 

 

RESEARCH METHOD 

This chapter presents the research design of the study, and then explains each experiment 

in detail, with information provided on the participants, data collection experiments, 

procedures, and results introduced for each experiment.  

3.1 Research Design 

This study includes three experiments, with each focusing on different aims during the 

research. Figure 1 summarizes the three experiments, along with their aims, data 

collection instruments, and participants. It should be noted that the output of one 

experiment is then used as input to the next. In other words, the output of one experiment 

in used to shape the design of the subsequent one. Therefore, the final experiment (based 

on the one-group pretest-posttest design) is equipped to comprehensively answer the 

study’s research questions. 
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Figure 1. Research Design 

*18/16 refers to 18 students’ data having been used to evaluate the framework, whilst 16 students’ data was 

used to investigate video clickstream behaviors with comprehensive learning analytics. See Section 4.2 for 

details. 
*Each experiment uses different participants. 

For all three experiments, convenience sampling (Fraenkel et al., 2012, p. 99) was used as 

the sampling method as the researcher had easy access to both the instructors and students 

from the department of Computer Education and Instructional Technology. Details 

regarding each experiments’ participants are provided in Sections 3.2.1, 3.3.1, and 3.4.1. 

3.2 Experiment 1 (Pilot Study) 

The purpose of the pilot study was to observe the capability of the current video analytic 

tool, and to investigate whether or not any correlation exists between the students’ 

watching behaviors and their learning performance. This first experiment was based on 

the one shot case study design defined by Fraenkel et al. (2012, p. 269). 
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3.2.1 Participants 

The pilot study was performed within the Principles and Methods of Instruction course 

(CEIT 216) offered by the department of Computer Education and Instructional 

Technology (CEIT). There were 28 students enrolled to the course; hence the pilot study’s 

participants were 28 second-grade CEIT students; However, only 22 had watched the 

video lectures. 

3.2.2 Data Collection Instruments 

Two types of data were collected during the pilot study: (1) Video clickstream behaviors 

and (2) Learning performance. The students’ video clickstream behaviors were collected 

via a learning management system with an integrated video analytics tool. The students’ 

midterm examination was conducted in a face-to-face classroom environment, and their 

learning performance was assessed based on their midterm scores. 

3.2.2.1 Learning Management System 

Over a 3-week period, the participant students watched linear video lectures, and their 

clickstream interactions of play, pause, backward, and forward were collected via the 

learning management system. The following subsections explain the metrics and video 

lectures employed. 

3.2.2.1.1 Metrics 

The participant students watched linear video lectures and their clickstream interactions 

were collected via SocialSkip, which is an open-source web application that collects video 

interaction data about watchers. It was integrated to odtuclass.metu.edu.tr, which is the 

primary learning management system of METU in order that TesterId could be matched 

from the student participants’ username. 

The list of metrics collected includes the students’ viewing behaviors based on their 

clickstream interactions of Play, Pause, Forward, and Backward. 

3.2.2.1.2 Video Lectures 

The participant students watched three different linear video lectures, with each focused 

on a famous educational phycologist. All of them (also including the video lectures in the 

other experiments) were developed by the same producer (Davidson Films). METU has a 
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license and videos are also located at METU Library. Table 3 details the content and 

duration of the video lectures: 

Table 3. Video Lectures in Pilot Study 

Video Content Duration (mm:ss) 

Piaget’s Developmental Theory 27:06 

Play: A Vygotskian Approach 26:13 

Maria Montessori: Her Life and Legacy 35:10 

3.2.2.2 Midterm  

In order to measure the participant students’ performance, a midterm examination was 

performed. The midterm consisted of 40 questions about the educational phycologists in 

the video lectures, with 35 multiple-choice and five true/false questions. 

3.2.3 Procedure 

In this pilot study, the students first watched three video lectures online via the university’s 

learning management system, and then took a midterm exam in a face-to-face classroom 

setting. Figure 2 presents the steps that the students took during the pilot study: 

 

Figure 2. Pilot Study Steps 

The participant students watched the three videos at their own pace as a part of the course. 

Then, 2 weeks after having watched the videos, the students took a midterm exam that 

accounted for 30% of their course assessment, with midterm scores were calculated out 

of 100 points for each student. 
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3.2.4 Results 

The results of the pilot study are presented in two subsections since it targeted two 

different aims. One was related to a video analytics tool, whilst the other concerned 

correlations between clickstream behaviors and the students’ learning performance. 

3.2.4.1 Results for Video Analytics Tool 

Improvement points for a video analytics tool were determined from the pilot study’s 

results. Since SocialSkip does not show video dropout time, completion status, and some 

basic interactions such as volume change, mute, and full screen, it could only be analyzed 

up to a certain degree. 

The following metrics (interactions) were determined to be tracked by the system in the 

second experiment: Open, Play, Paused, SeekForward, SeekBackward, VideoCompleted, 

ExitfromPlayer, ExitfromBrowser, ExitfromTimeout, Mute, Unmute, VolumeUp, 

VolumeDown, FullscreenOn, FullScreenOff, and Replay. 

These interactions should be saved in a User Interaction Table having the following 

attributes: Interaction ID, Interaction Name, Parameters (Skip Time), Video Current 

Time, Status (paused, playing), User ID, Date, Video ID, and Order. 

3.2.4.2 Results for Watching Behaviors 

In the pilot study, the participant students each had a midterm exam score and video 

viewing behavior data regarding the three video lectures they had watched. Since one 

score exists for their academic performance, the total of the three video lectures was used 

in order to assess any correlation between the number of watching behaviors and the 

students’ learning performance (midterm score).  

A positive relationship was found to exist between total number of interactions (i.e., all 

interaction types) that the students performed and their midterm score (learning 

performance, r = .59, p < .01). In addition, Figure 3 illustrates the Pearson correlations 

between interaction numbers per interaction type and midterm score. 
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Figure 3. Pearson Correlation Matrix 

The results also show that 

 Number of backwards was found to be the most important indicator for predicting 

students’ learning performance (r = .65, p < .01).  

 A positive relationship was found to exist between number of pauses (r = .58, 

p < .01) and the students’ learning performance.  

3.2.4.3 Summary 

The needs analysis showed that a video analytics tool or system having more metrics and 

attributes needed to be developed in order that students’ watching behaviors could be 

tracked in a more appropriate and accurate way. Using SocialSkip, it is not currently 

possible to understand if a student stops watching a video or finishes it. Therefore, certain 

interactions to identify dropout were also determined. In addition, interactions with the 

video player such as FullSreenOn and Mute were also added in order to be sure as to 

whether or not students performed these interactions continuously or otherwise. 

In terms of the students’ video watching behaviors, the pilot study results revealed a 

positive relationship between the total number of interactions and learning performance. 

However, the pilot study was analyzed with only a single independent measure (one 

midterm score); therefore, it would be advisable to investigate the results with repeated 

measures. 
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3.3. Experiment 2 

An experiment based on one-group pretest-posttest design was then performed in order to 

develop the framework based on the video viewing behaviors of students.  

3.3.1 Participants 

The second experiment was conducted in a “Principles and Methods of Instruction” course 

that was offered to students studying in the CEIT department of a public university in 

Turkey. There were a total of 29 students enrolled to the course. The course was given 

during the fourth semester in the CEIT curriculum; therefore, the participant students were 

all second-grade undergraduate students, and none had been participants in the previous 

experiment (pilot study).  

3.3.2 Data Collection Instruments 

3.3.2.1 Video Lectures 

The participant students viewed three different video lectures: (1) “Skinner: A Fresh 

Appraisal” (32:40 minutes), (2) “Piaget’s Developmental Theory: An Overview” (27:06 

minutes), and (3) “Play: A Vygotskian Approach” (26:13 minutes). Each video was about 

an educational psychologist, and all three videos were created by the same producer as in 

the other experiments, and with a common duration of around 30 minutes. 

3.3.2.2 Interviews 

Interviews were conducted with both the participant students and a subject-matter expert. 

The schedule for the students’ interviews contained “why” questions, since the aim was 

to reveal the reasons behind the various click types recorded: for example, “Why did you 

click pause/backward/forward on time when the click intensity was high?”  

The schedule for the subject-matter expert’s interview included questions regarding 

revising the framework as the aim was to find ways to improve it: for example, “What do 

you think about the framework? How could we update the framework?” 

3.3.2.3 Scales 

The “Learner Satisfaction Scale” (LSS) (Donkor, 2011) and the “Video Engagement 

Scale” (VES) (Visser et al., 2016) were used for the purposes of preliminary analysis in 
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this second experiment. The LSS consists of seven items rated on a 4-point, Likert-type 

scale, whilst the VES consists of 15 items rated on a 7-point, Likert-type scale. Both are 

validated and reliable scales. Cronbach's alpha value for LSS was found to be 0.88 in the 

study which was conducted for measuring its validity and reliability. In addition, 

Cronbach's alpha value for VES overall was found to be 0.93 and 0.94 in two different 

studies. 

3.3.3 Procedure 

The second experiment follows two distinct processes; the development of the framework, 

and the application of the framework; each of which are explained in the following 

subsections: 

3.3.3.1. Development of Framework 

The framework to be developed was aimed to increase the effect of video-based learning 

through interventions. These interventions could be embedded based on the video 

watching behaviors of the students. Therefore, click types such as pause, backward, and 

forward are the location indicators from which interventions would be added. However, 

knowledge of click types alone, without understanding the reason for their usage, is not 

considered adequate to determine an intervention type. Therefore, if the reasons behind 

certain watching behaviors of students are better known, then suitable interventions could 

be developed and implemented.  

Adding interventions to videos can be implemented along with interactive elements such 

as text, images, links, or questions. Since the content of interventions change according to 

the type of intervention, the actions (explain, exercise, motivate) contained in the 

interactive elements will also require changing. In order to match each of the categories 

(click types, reasons, interventions, actions, and interactive elements), an experimental 

study was conducted based on the following steps: 

1. Students watched linear videos in a computer laboratory over a 3-week period. 

2. Students’ video clickstream behaviors analyzed. 

3. Students interviewed regarding their video clickstream behaviors. 

4. Students’ interviews analyzed. 

5. Framework developed based on interview results and the literature 

(Framework Version 1). 

6. Interview conducted with subject-matter expert. 

7. Draft framework revised (Framework Version 2). 
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Step 1: Students watched linear videos in a computer laboratory over a 3-week period 

The participant students watched three linear videos (one video each week) in a computer 

laboratory, and their video clickstream behaviors were tracked using an online platform 

developed according to the pilot study’s results. The platform includes the metrics 

mentioned in Section 3.2.4.1 Results for Video Analytics Tool. Whilst watching the 

videos, the students were permitted to take notes if they wanted. After having watched 

each video, a mini-quiz was applied to the students, and they each completed the Learner 

Satisfaction Scale and the Video Engagement Scale with regards to the video they had just 

watched. 

The following are the videos that the students watched in this step: 

1. “Skinner: A Fresh Appraisal” (32:40 minutes) 

2. “Piaget’s Developmental Theory: An Overview” (27:06 minutes) 

3. “Play: A Vygotskian Approach” (26:13 minutes) 

Step 2: Students’ video clickstream behaviors analyzed 

In this step, the video clickstream behaviors of the students were analyzed. The system 

tracked the students’ interactions of play, pause, forward, backward, volume up, volume 

down, mute, unmute, full screen on, and full screen off. However, most students do not 

generally perform click interactions except for the most basic (play, pause, forward, and 

backward); therefore, this step focused especially on three types of interactions: pause, 

forward, and backward.  

For each video, line graphs and box plots were created according to the recorded 

clickstream behaviors in order to find the peak points for each click type (see Appendix A 

and Appendix B).  

Table 4 provides the numbers of interactions performed by the students who participated 

in the second experiment: 

Table 4. Number of Interactions 

Video Play Pause Backward Forward Total 

Skinner 701 670 153 483 2,186 

Piaget 673 654 218 489 2,172 

Vygotsky 1,224 1,200 99 723 3,357 

Totals 2,598 2,524 470 1,695 7,715 
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Step 3: Students interviewed regarding their video clickstream behaviors 

In order to establish the reasons behind the students’ video clickstream behaviors, 

interviews were conducted with 17 of the participant students. Prior to the interviews, 

graphs were prepared for three types of clicks for each student: pause, backward, and 

forward. These graphs were then presented to the students in their interviews, and they 

were asked about the reasons behind the points having high click intensity. (Appendix C 

shows an example of the graphs shown to the interviewed students). 

Step 4: Interviews were analyzed 

The students’ interviews were analyzed according to content analysis strategy in order to 

reveal the reasons for each click type. Content analysis strategy is explained in section 

3.5. Table 5 presents the results of interview analysis: 

Table 5. Reasons of Watching Behaviors 

Click Reason 

Pause Notetaking 

Backward Important points 

Language issues 

Not understanding 

Losing concentration 

Forward Unimportant points 

Finishing quickly 

Skimming 

 

Step 5: Framework developed based on interview results and the literature (Version 1) 

Whilst developing the framework, the primary aim was to guide educators and researchers 

as to where certain elements should be placed in videos. In the literature, there are four 

important interactive elements (Bakla, 2017; Kleftodimos & Evangelidis, 2016b; Magdin 

et al., 2011): Question, Text, Image, and Link. 

Accordingly, the literature presents three intervention types (Geller, 2005; Şahin, 2018): 

Instructional, Supportive, and Motivational. 
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Figure 4. Framework (First Version) 

* This is not the finalized version of the framework for data collection (see Step 7). 

The motivation behind the framework is to match suitable interactivity techniques with 

different video clickstream behaviors as a means to increasing the impact of video 

lectures, because each interactivity technique is not necessarily suited to every behavior 

type. As a result, the existing linear videos could be transformed into interactive videos. 

Step 6: Interview conducted with subject-matter expert 

To improve the framework, an interview was conducted with a subject-matter expert with 

9 years’ experience with MOOCs courses and instructional technology. The subject 

matter expert has also a PhD on MOOCs from the department of Computer Education and 

Instructional Technology. The interview was made with a single subject matter expert 

since finding an available subject-matter expert on both subjects (MOOCs and 

instructional technology) was not easy and the selected subject-matter expert has very 

knowledgeable in this field. In other words, the most suitable person for the purpose was 

selected. Each element of the framework was discussed, and the process helped deliver 

improvements, especially in determining intervention types for each click reason. 
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Step 7: Draft framework revised (Version 2) 

Following the subject-matter expert’s interview, the framework was updated, and then 

click priority was added as a final measure in order to prevent confusion where different 

click types were performed at the same points of a video lecture. To add some clarity here, 

“click priority” means:  

 Forward may support backward 

 Backward may support pause 

Therefore, where pause was followed by backward having been clicked at the same point 

in a video, “notetaking” was accepted as the reason for the clicks having been made by 

the user. Also, where backward was clicked followed by forward at the same point in a 

video, one of the reasons pertaining to backward is taken as the reason. 

 

Figure 5. Framework (Final Version) 

3.3.3.2. Application of Framework 

In order to apply the framework, interactive videos were first developed based on the 

framework by using h5p, an open source community-driven project. During this period, 

interventions were added according to the framework in order to make the videos 

“interactive.” Example interventions added to the video lectures are presented in 

Appendix G. Then, the same students who participated in the development phase watched 

the interactive videos 1 month later.  
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Table 6 presents the numbers of interventions added to each video lecture, which was 

determined according to the peak points of three different click types (pause, backward, 

and forward). 

Table 6. Number of Interventions 

Video  Number of Interventions 

Skinner: A Fresh Appraisal 11 

Piaget’s Developmental Theory: an Overview 16 

Play: A Vygotskian Approach 14 

Total 41 

The participant students watched the online interactive videos developed, and were then 

asked to complete the following scales: 

1. Intervention Surveys (Timing, Content) 

2. Satisfaction Scale 

3. Engagement Scale 

3.3.4 Results (Preliminary Evaluation of Framework) 

The framework was evaluated in terms of satisfaction and engagement. Therefore, the 

Video Engagement Scale (Visser et al., 2016) and the Learner Satisfaction Scale (Donkor, 

2011) were given to each student to complete. The scale results from the interactive videos 

were then compared to those from the linear videos. 

Whilst watching the interactive videos, the students analyzed each intervention in terms 

of its timing and content, and then evaluated the effect of the framework in terms of their 

engagement and satisfaction. 

3.3.4.1 Analysis of interventions 

Each intervention is evaluated in terms of timing and content. Timing refers to showing 

intervention in correct time, whereas Content refers to the suitability of the intervention 

to video content at that moment. Wachtler, Khalil, et al. (2016) emphasized the importance 

of evaluating timing and content of interventions in interactive videos. The following 

subsections explain the results in terms of both timing and content for each intervention 

in each video. There were two items in the survey (one for timing, one for content) for 
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each intervention. The instruction given was “Please assess each intervention in terms of 

timing and content,” using a rating scale from 1 (very bad) to 5 (very good). 

3.3.4.1.1. Skinner 

In total, 11 interventions were added according to the peak points on the graphs for pause, 

backward, and forward related to the video lecture about Skinner. Of those 11, seven 

interventions were supportive, three were motivational, and one intervention was 

instructional. Table 7 presents the results for each intervention in the Skinner video 

lecture: 

Table 7. Survey Results for Each Intervention (Video Lecture 1) 

Intervention Order Type Timing Content Mean 

1 Supportive 3.96 4.21 4.09 

2 Motivational 4.04 3.68 3.86 

3 Supportive 4.61 4.71 4.66 

4 Instructional 4.07 4.39 4.23 

5 Supportive 4.25 4.32 4.29 

6 Supportive 4.50 4.50 4.50 

7 Motivational 3.68 3.43 3.55 

8 Supportive 4.46 4.50 4.48 

9 Supportive 4.61 4.75 4.68 

10 Supportive 4.54 4.71 4.63 

11 Motivational 3.86 3.57 3.71 

Mean 4.23 4.25 4.24 

Table 8 presents the results for each type of intervention in the Skinner video lecture 

according to the mean scores for each intervention type: 
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Table 8. Results for Each Type of Intervention (Video Lecture 1) 

Type Timing Content Mean 

Motivational 3.86 3.56 3.71 

Instructional 4.07 4.39 4.23 

Supportive 4.42 4.53 4.47 

As can be seen from Table 8, supportive interventions achieved the highest scores, whilst 

the motivational interventions received the lowest among the intervention types. 

Supportive (Mean = 4.47) and instructional interventions (Mean = 4.23) were evaluated 

as “good” or “very good,” whereas motivational interventions (Mean = 3.71) were 

“neither good nor bad” or “good.” However, all were above the mid-point (Mean = 3.00) 

and near to or above the mean point representing good (Mean = 4.00). In addition, the 

mean scores for both timing (Mean = 4.23) and content (Mean = 4.25) for all interventions 

are considered to be high (see also Table 7). 

3.3.4.1.2. Piaget 

By examining the peak points, there were 16 interventions added to the video lecture 

related to Piaget. Of those 16 interventions, 11 were supportive interventions, three were 

motivational, and two of them were instructional interventions. The scores for timing and 

content can be seen as shown in Table 9: 
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Table 9. Results for Each Intervention (Video Lecture 2) 

Intervention Order Type Timing Content Mean 

1 Motivation 4.04 3.92 3.98 

2 Supportive 4.19 4.15 4.17 

3 Supportive 4.31 4.50 4.40 

4 Supportive 4.35 4.46 4.40 

5 Supportive 4.27 4.31 4.29 

6 Instructional 4.46 4.50 4.48 

7 Supportive 4.31 4.19 4.25 

8 Supportive 4.31 4.38 4.35 

9 Supportive 4.42 4.42 4.42 

10 Instructional 4.35 4.46 4.40 

11 Motivational 3.69 3.54 3.62 

12 Motivational 3.69 3.65 3.67 

13 Supportive 4.35 4.19 4.27 

14 Supportive 4.31 4.27 4.29 

15 Supportive 4.35 4.23 4.29 

16 Supportive 4.50 4.50 4.50 

Mean 4.24 4.23 4.24 

Table 10 shows the results for each type of intervention in the Piaget video lecture 

according to the mean scores for each intervention type: 
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Table 10. Results for Each Type of Intervention (Video Lecture 2) 

Type Timing Content Mean 

Motivational 3.81 3.71 3.76 

Instructional 4.40 4.48 4.44 

Supportive 4.33 4.32 4.33 

As can be seen from Table 10, the instructional interventions received the highest scores, 

whilst the motivational interventions were the lowest among the intervention types. The 

instructional (Mean = 4.44) and supportive interventions (Mean = 4.33) were evaluated as 

“good” or “very good,” whereas the motivational interventions (Mean = 3.76) were 

evaluated as “neither good nor bad” or “good.” However, all were above the mid-point 

(Mean = 3.00) and near to or above the mean point representing good (Mean = 4.00). In 

addition, the mean scores for both timing (Mean = 4.24) and content (Mean = 4.23) for all 

interventions were considered as being high (see also Table 9). 

3.3.4.1.3. Vygotsky 

The video lecture related to Vygotsky included 14 interventions (eight supportive, three 

instructional, and three motivational) according to an analysis of the peak points. The 

timing and content scores for each intervention are presented as shown in Table 11: 
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Table 11. Results for Each Intervention (Video Lecture 3) 

Intervention Order Type Timing Content Mean 

1 Motivational 4.05 3.64 3.84 

2 Supportive 4.41 4.41 4.41 

3 Supportive 4.41 4.50 4.45 

4 Supportive 4.45 4.36 4.41 

5 Supportive 4.45 4.50 4.48 

6 Instructional 4.41 4.36 4.39 

7 Instructional 4.27 4.41 4.34 

8 Supportive 4.23 4.32 4.27 

9 Instructional 4.36 4.36 4.36 

10 Supportive 4.55 4.64 4.59 

11 Supportive 4.41 4.50 4.45 

12 Supportive 4.41 4.50 4.45 

13 Motivational 3.82 3.91 3.86 

14 Motivational 3.73 3.59 3.66 

Mean 4.28 4.29 4.28 

Table 12 shows the results for each type of intervention in the Vygotsky video lecture 

according to the mean scores for each intervention type: 

Table 12. Results for Each Type of Intervention (Video Lecture 3) 

Type Timing Content Mean 

Motivational 3.86 3.71 3.79 

Instructional 4.35 4.38 4.36 

Supportive 4.41 4.47 4.44 
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As can be seen from Table 12, the supportive interventions received the highest scores, 

whilst the motivational interventions were the lowest among the intervention types. The 

supportive (Mean = 4.44) and instructional interventions (Mean =4.36) were evaluated as 

“good” or “very good,” whereas the motivational interventions (Mean =3.79) were 

evaluated as “neither good nor bad” or “good.” However, all were found to be above the 

mid-point (Mean =3.00) and near to or above the mean point representing good 

(Mean =4.00). In addition, the mean scores for both timing (Mean =4.28) and content 

(Mean =4.29) for all interventions were considered to be high (see also Table 11). 

3.3.4.2. Evaluation of Framework 

In addition to the analysis of the interventions, the proposed framework was also subjected 

to preliminary analysis in terms of the students’ satisfaction and engagement. Paired t-

tests were performed in order to compare the mean values prior to and following the 

interventions, if certain assumptions were met. Therefore, the assumptions for paired t-

test were also checked, which were that: (1) Subjects must be independent, (2) Pairs 

should be from the same participants, and (3) Differences among pretests and posttests 

must be normally distributed. The first two assumptions were actually the reasons for 

choosing paired samples t-test for comparison. Therefore, only Shapiro-Wilk results are 

reported for the third assumption in order to show that the assumptions were met for the 

paired samples t-test in the analysis. Wilcoxon signed-rank test was used if the 

assumptions were not met for a paired samples t-test. 

For each video lecture, the results are reported in the following subsections: 

3.3.4.2.1. Skinner  

To compare the mean satisfaction scores obtained for Video Lecture 1 (subject: Skinner), 

assumptions were controlled, and Shapiro-Wilk test showed that the measured differences 

were normally distributed (p > 0.05). 

Table 13 shows the paired t-test results after comparing the mean satisfaction scores 

measured before and after the interventions added to Video Lecture 1: 

Table 13. Comparison of Mean Scores for Satisfaction in Experiment 2 (Video Lecture 1) 

Video Type n X̄ SD df t p 

Linear 

Interactive 

25 

25 

2.89 

2.83 

0.65 

0.69 

24 

 

.557 .583 
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The paired samples t-test showed that the interventions did not elicit a statistically 

significant change in the students’ satisfaction for Video Lecture 1. 

For comparing the mean engagement scores obtained for Video Lecture 1, assumptions 

were controlled and the Shapiro-Wilk test results showed that the measured differences 

were normally distributed (p > .05). 

Table 14 presents the t-test results after comparing the mean engagement scores measured 

before and after interventions in Video Lecture 1: 

Table 14. Comparison of Mean Scores for Engagement in Experiment 2 (Video Lecture 1) 

Video Type n X̄ SD df t p 

Linear 

Interactive 

25 

25 

4.29 

4.22 

1.22 

1.61 

24 

 

.282 .780 

The paired samples t-test showed that the interventions did not elicit a statistically 

significant change in the students’ engagement for Video Lecture 1. 

3.3.4.2.2. Piaget 

The Shapiro-Wilk test results for student satisfaction for Video Lecture 2 (subject: Piaget) 

showed that the measured differences were normally distributed (p > 0.05). 

Table 15 presents the t-test results after comparing the mean student satisfaction scores 

measured before and after the interventions for Video Lecture 2: 

Table 15. Comparison of Mean Scores for Satisfaction in Experiment 2 (Video Lecture 2) 

Video Type n X̄ SD df t p 

Linear 

Interactive 

25 

25 

2.91 

2.83 

0.59 

0.73 

24 

 

.927 .363 

The paired samples t-test showed that the interventions did not elicit a statistically 

significant change in the students’ satisfaction for Video Lecture 2. 

The Shapiro-Wilk test results for engagement in Video Lecture 2 showed that the 

measured differences were not found to be normally distributed (p < .05). Therefore, the 

Wilcoxon signed-rank test was used for the purposes of comparison. 

Table 16 shows mean engagement scores for Video Lecture 2: 
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Table 16. Comparison of Mean Scores for Engagement in Experiment 2 (Video Lecture 2) 

Video Type n X̄ SD Z p 

Linear 

Interactive 

25 

25 

4.54 

4.39 

1.19 

1.70 

131 .587 

 

The Wilcoxon signed-rank test showed that the interventions did not elicit a statistically 

significant change in the students’ engagement for Video Lecture 2. 

3.3.4.2.3. Vygotsky 

The Shapiro-Wilk test results for student satisfaction in Video Lecture 3 (subject: 

Vygotsky) showed that the measured differences were normally distributed (p > .05). 

Table 17 shows the paired t-test results after comparing the mean satisfaction scores 

measured before and after interventions in Video Lecture 3: 

Table 17. Comparison of Mean Scores for Satisfaction in Experiment 2 (Video Lecture 3) 

Video Type n X̄ SD df t p 

Linear 

Interactive 

22 

22 

2.79 

2.64 

0.72 

0.78 

21 

 

.563 .579 

The paired samples t-test showed that the interventions did not elicit a statistically 

significant change in the students’ satisfaction for Video Lecture 3. 

The Shapiro-Wilk test results for engagement in Video Lecture 3 showed that the 

measured differences were normally distributed (p > .05). 

Table 18 presents the t-test results after comparing the mean engagement scores measured 

before and after the interventions in Video Lecture 3: 

Table 18. Comparison of Mean Scores for Engagement in Experiment 2 (Video Lecture 3) 

Video Type n X̄ SD df t p 

Linear 

Interactive 

22 

22 

3.96 

4.20 

1.51 

1.80 

21 

 

-.855 .402 
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The paired samples t-test showed that the interventions did not elicit a statistically 

significant change in the students’ engagement in Video Lecture 3. 

3.3.4.3. Summary 

The results show that the timing and content for interventions were found to be high. 

However, the interventions did not elicit a statistically significant change in either the 

students’ satisfaction or their engagement in the three video lectures. This may be because 

the framework does not work satisfactorily for all students. It may, however, prove useful 

for those who require interventions; hence, it would be prudent to investigate the effect of 

additional variables, especially motivation. 

3.4 Experiment 3 (Main Study) 

The research method employed for the main study was quasi-experimental. The data was 

collected from one group and dependent variables were then measured with both a pretest 

and posttest. Therefore, the study was conducted according to the one-group pretest-

posttest design, which is a type of quasi-experimental study (Field & Hole, 2003). The 

effect of the intervention framework developed in Experiment 1 (pilot study) was 

investigated with interactive videos during this experiment (main study). 

3.4.1 Participants 

The participants of the main study were students enrolled to the EDS212 (Instructional 

Principles and Methods) course during the 2019/2020 Fall semester. There were a total of 

22 registered students, and none had previously taken part in either the first or second 

experiments. However, two of the students did not continue with the course. In total, 18 

students watched both the linear and interactive videos. 

3.4.2 Data Collection Instruments 

3.4.2.1 Videos 

Linear Videos 

There were three linear videos provided during the course. Whilst watching each video, 

the students’ watching behaviors were tracked via the online platform. These behaviors 

were based on the students’ click interactions of play, pause, forward, and backward.  

Table 19 details the three linear videos that the students watched:  
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Table 19. Linear Video Lectures in Main Study 

Video Content Duration (mm:ss) 

Maria Montessori: Her Life and Legacy 35:10 

Erik H. Erikson: A Life’s Work 30:42 

John Dewey: His Life and Work 29:55 

Interactive Videos 

The interactive videos were developed based on the framework, and included supportive, 

motivational, and instructional interventions. These interventions were each created 

according to the framework using h5p. 

There were three interactive videos developed in the study, as shown in Table 20: 

Table 20. Interactive Video Lectures in Main Study 

Video Content Duration (mm:ss) 

Skinner: A Fresh Appraisal 32:40 

Piaget’s Developmental Theory: an Overview 27:06 

Play: A Vygotskian Approach 26:13 

3.4.2.2 Scales 

In addition to applying the satisfaction (LSS) and engagement scales (VES) used in 

exploratory experiment, the “Situational Motivation Scale” (SIMS) (Guay et al., 2000) 

was also added to this experiment (see Appendix E). The intrinsic motivation subscale of  

SIMS was used in order to investigate the effect of the framework on the students’ 

satisfaction, engagement, and learning performance by taking their motivation into 

account. The subscale contains a total of 4 items rated on a 7-point, Likert-type scale. 

Reliability and validity of the subscale were also ensured with different studies conducted 

by Guay, Vallerand, and Blanchard (2000). During this study, whenever a scale was filled, 

an overall scale score was calculated and used as a scale score in the data analysis since 

each scale was reliable and validated. 
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3.4.2.3 Questionnaire 

The “Click Reasons Questionnaire” was used to measure the impact of each intervention 

type, and to investigate changes regarding the students’ intervention needs (see 

Appendix F). The questionnaire was created based on the reasons given for interventions 

in the framework, and consisted of seven items rated on a 5-point, Likert-type scale. 

3.4.2.4 Video Quizzes 

Six video quizzes were presented to the participant students, with one quiz administered 

following each video lecture. Each quiz consisted of eight or nine content-related 

multiple-choice or true/false questions. The students’ learning performance was assessed 

based on the students’ scores obtained from the video quizzes. 

3.4.3 Procedure 

The experiment was conducted over a 6-week duration. The focus of the first 3 weeks was 

the linear videos, whilst the second 3 weeks were for the interactive videos. The following 

six steps were applied in conducting this experiment: 

During first three weeks, each week respectively: 

1. Students watched a linear video at home. 

2. Students completed the scales and the questionnaire at home (pretest). 

3. Students received a quiz in the classroom (pretest). 

During last three weeks, each week respectively: 

4. Students watched an interactive video at home. 

5. Students completed the scales and the questionnaire at home (posttest). 

6. Students received a quiz in the classroom (posttest). 

The scales and the questionnaire applied in Step 2 and the quizzes in Step 3 were used as 

pretests, whereas the scales and the questionnaire applied in Step 5 and the quizzes in 

Step 6 were used as posttests. 

In total, 97 observations (44 from linear videos, 53 from interactive videos) were collected 

from the 18 participant students (some students did not watch all of the video lectures). 
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3.5 Data Analysis 

During this research, different data analysis techniques were performed. Whilst basic 

statistical techniques were generally used in the first two experiments, various statistical 

techniques, including some that were more comprehensive, were performed in the third 

experiment (as the main study) which aimed to answer all six research questions.  

In the first experiment (pilot study), Pearson correlation was used as a statistical technique 

since it is the most suited method to measuring bivariate linear relationships among 

continuous variables (Field, 2018). In the second experiment, during the framework’s 

development process, content analysis strategy was employed to analyze the collected 

interview data since it aims to extract meaningful categories or themes from text or speech 

(Zhang & Wildemuth, 2005). In addition, descriptive statistics such as mean were used to 

individually evaluate the interventions in each video lecture. Moreover, t-test and 

Wilcoxon signed-rank test were selected as parametric and nonparametric tests 

respectively for the comparison of mean values from the pretest and posttest results as the 

preliminary analysis of the framework. 

In the third experiment (main study), various data analysis techniques were employed in 

order to answer the six research questions of the study, and to address a total of 27 

hypotheses. Since the pretests and posttests were obtained from 18 students (one group) 

and the aim was to compare the mean pretest-posttest scores of the learning variables 

(i.e., learning performance, satisfaction, and engagement), paired samples t-test was used 

to the investigation of the hypotheses in the first research question (RQ1). In addition, 

average scores were obtained from the pretests and posttests and these scores were 

compared using t-test or Wilcoxon signed-rank test in line with the pretest-posttest 

research design, as identical videos (three linear and three interactive) were used as the 

data collection instruments. 

Moreover, it was seen that a linear relationship existed between motivation and 

satisfaction, engagement, and also learning performance. Therefore, the effect of 

motivation on the learning variables was investigated according to the hypotheses in RQ2. 

For this purpose, motivation was used as a covariate and ANCOVA was selected as the 

most suitable statistical technique where assumptions were met. Quade’s ANCOVA was 

selected for those not meeting assumptions for parametric ANCOVA.  

RQ3 examined the reasons behind the observed behaviors in the framework, and paired 

samples t-test and Wilcoxon signed-rank test were used to compare the mean scores of the 

single group’s pretests and posttests. First, the assumptions for a paired sample t-test were 

investigated, and the test were performed if they were met. Else, the Wilcoxon signed-

rank test was used since it is a common non-parametric version of t-test used to compare 
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paired samples. In the first research question, average scores were compared for 

investigating reasons.  

Furthermore, repeated measure correlation analysis (rmcorr) was performed in addressing 

RQ4 as repeated measures were collected from the participants, and also that the 

participants’ video clickstream behaviors may change on any given date or from one video 

to another.  

For clustering, two-step cluster analysis and hierarchical clustering were employed in the 

study. First, two-step cluster analysis was preferred since it merges the principles of 

traditional clustering and returns an overall goodness of fit measure (Polier, 2019). In the 

case of an overall goodness of fit and cluster graphs not being found satisfactory with the 

two-step cluster analysis, hierarchical clustering was employed as the clustering method. 

Moreover, a student performs more than one observation (data point) and each observation 

was clustered. Clustering is a method that provides categorical data, and the observations 

of each student might not be treated as independent and residuals may be non-normal 

based on categorical data. Therefore, Robust linear mixed model was used to investigate 

the hypotheses in RQ5 which aimed to examine the group (cluster) effect.  

In order to investigate the hypotheses in the last research question (RQ6), XGBoost and 

Robust LMM were selected as prediction algorithms. There are significant reasons for 

having preferring XGBoost and Robust LMM in the current study. XGBoost was the 

preferred algorithm since it is known to be scalable and effective when using gradient 

boosting trees, and also that it is considered to work well with small-sized datasets (Chen 

et al., 2015). In addition, Robust LMM was also preferred for the purposes of prediction 

since it does not make any assumptions with the exception that the model parameters can 

be estimated, and also that it is suited to repeated measures (Koller, 2016). Small samples 

especially have the potential to include outliers or non-Gaussian distributions 

(Demidenko, 2013); hence, Robust LMM is able to be used for non-normal distributed 

residuals when assumptions are not met for LMM (Schielzeth et al., 2020). In addition, 

three different evaluation schemes (Random Split, One Person Leave Out, and One Video 

Leave Out) were applied in evaluating the model. In random split evaluation scheme, data 

in a split was used for testing the model whilst data from all other splits was used for the 

purposes of training and validating the model. This was done for each split until all splits 

were used for testing. By doing so, both the test data was made unseen and all dataset was 

used for testing purposes. In one person leave out, a person's data was used instead of a 

split this time. Similarly, this was done for each person until data of all people was used 

for testing. In one video leave out, data for each video was used for testing the model 

while data from all other people was applied for training and validating the model. This 

was also performed for each video until data of all videos was used for testing. 
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All of the analysis methods employed to answer the study’s research questions are 

explained in detail during Chapter 4. 
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CHAPTER 4 

 

RESULTS 

The study’s findings are presented in two sections: Framework and Comprehensive 

Learning Analytics, since the study focuses on both framework and video clickstream 

behaviors with comprehensive learning analytics. As mentioned in Section 1.4, the study 

is formulated around six research questions, with three related to the framework and three 

on watching behaviors. The findings are reported against each research question in the 

following sections. During this section, the term “interactive videos” was shortly used for 

the term “interactive videos created according to the framework”. 

4.1 Results for Framework 

The effect of the framework on the participant students’ satisfaction, engagement, learning 

performance, and click reasons are presented in this section. The differences in these 

variables were examined both by not controlling for student motivation and also by 

controlling for motivation in accordance with the first and second research questions, 

respectively. For the third question, the impact of the proposed framework on the students’ 

click reasons was inspected. 

4.1.1 Differences with Motivation Not Controlled 

RQ1: Are there any significant differences between linear and interactive videos in terms 

of students’ satisfaction, engagement and learning performance? 

The first research question includes three hypotheses (H1, H2, H3) in order to yield results 

regarding the students’ satisfaction, engagement and learning performance separately.  

4.1.1.1 Satisfaction 

Hypothesis 1: There is a significant difference between linear and interactive videos in 

terms of the students’ satisfaction. 
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Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of the students’ satisfaction. 

The Shapiro-Wilk test results for the students’ satisfaction showed that the measured 

differences were normally distributed (p >.05). Therefore, the students’ satisfaction scores 

were compared with a paired samples t-test. Table 21 presents the comparison results for 

satisfaction: 

Table 21. Comparison of Mean Scores for Satisfaction 

Video Type n (student) X̄ SD df t p 

Linear 

Interactive 

18 

18 

2.54 

2.50 

0.69 

0.50 

17 

 

0.281 .782 

The results show that no significant difference was found between the linear (M = 2.54, 

S = 0.69) and interactive videos (M = 2.50, SD = 0.50) in terms of the students’ 

satisfaction, t(17) = 0.281, p > .05. 

4.1.1.2 Engagement 

Hypothesis 2: There is a significant difference between linear and interactive videos in 

terms of students’ engagement. 

Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of students’ engagement. 

The Shapiro-Wilk test results for engagement showed that the measured differences were 

normally distributed (p > .05). The students’ engagement scores were compared with a 

paired samples t-test. Table 22 illustrates the comparison results for engagement: 

Table 22. Comparison of Mean Scores for Engagement 

Video Type n (student) X̄ SD df t p 

Linear 

Interactive 

18 

18 

3.40 

3.00 

0.99 

0.50 

17 

 

1.985 .070 

The results show that no significant difference was found between the linear (M = 3.40, 

S = 0.99) and interactive videos (M = 3.00, SD = 0.50) in terms of students’ engagement, 

t(17) = 1.94, p > .05. 
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4.1.1.3 Learning Performance 

Hypothesis 3: There is a significant difference between linear and interactive videos in 

terms of students’ learning performance. 

Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of students’ learning performance. 

The Shapiro-Wilk test results for learning performance showed that the measured 

differences were normally distributed (p > .05). The learning performance scores were 

compared with a paired samples t-test. Table 23 presents the comparison results for 

learning performance: 

Table 23. Comparison of Mean Scores for Learning Performance 

Video Type n (student) X̄ SD df t p 

Linear 

Interactive 

18 

18 

84.56 

84.38 

13.20 

7.50 

17 

 

0.066 .948 

The results show that no significant difference was found between the linear (M = 84.56, 

SD = 13.20) and interactive videos (M = 84.38, SD = 7.50) in terms of students’ learning 

performance, t(17) = 0.66, p > .05. 

4.1.2 Differences with Motivation Controlled 

RQ2: Are there any significant differences between linear and interactive videos in terms 

of students’ satisfaction, engagement, and learning performance when motivation is 

controlled? 

The second research question also includes three hypotheses (H4, H5, H6) in order to 

yield results for satisfaction, engagement, and learning performance separately when 

motivation is controlled.  

Analysis of covariance (ANCOVA) was selected to compare linear and interactive videos 

by using motivation as a covariate since motivation is known to be positively related to e-

learning (Harandi, 2015) as well as it was observed that motivation was positively related 

to the learning variables in this study. The relationship between motivation and each 

learning variable was also reported in following subsections. 

ANCOVA has seven assumptions including generic assumptions and ANCOVA specific 

assumptions (Li & Chen, 2019, p. 201): (1) Independence of observations, (2) Absence of 

outliers, (3) Normality of residuals, (4) Homogeneity of variance, (5) Homogeneity of 
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regression slopes, (6) Linearity between covariate(s) and dependent variable, (7) No 

strong correlation among covariates. Assumptions were checked to be sure of usage of 

ANCOVA. Since there is one covariate (motivation), there is no need to check last 

assumption. In addition, assumptions (3), (4), (5), and (6) were reported in each subsection 

because observations were independent and outliers were omitted from the analysis if 

existed. In cases where parametric ANCOVA assumptions were not met, it was decided 

to use Quade (1967)'s ANCOVA.  

4.1.2.1 Satisfaction 

Hypothesis 4: There is a significant difference between linear and interactive videos in 

terms of students’ satisfaction scores when motivation is controlled. 

Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of students’ satisfaction scores when motivation is controlled. 

Differently from the first research question, 97 observations (44 from linear videos, 53 

from interactive) from 18 students were individually used to compare the linear and 

interactive videos to control the effect of the students’ motivation on each observation.  

Firstly, assumptions of ANCOVA for satisfaction were controlled and Kolmogorov-

Smirnov test (nobservation>50) was checked for normality of residuals assumption 

Here are the results for the assumptions in terms of satisfaction:  

 Kolmogorov-Smirnov test showed normality of residuals was met (p>.05). 

 Levene’s test indicated variances are equal (p>.05) 

 There was a positive correlation between motivation and satisfaction (r=.82, 

p=<.01) 

 Test for homogeneity of regression slopes showed the assumption was not violated 

(p>.05) 

So, assumptions for ANCOVA were met for satisfaction. As a result, ANCOVA was used 

where motivation was selected as a covariate, and user identifier was selected as a random 

factor since users have more than one observation. Then, the main effect of video type 

(linear or interactive) based on estimated marginal means was compared in terms of 

satisfaction. Table 24 illustrates the comparison results for satisfaction when motivation 

was controlled: 
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Table 24. Comparison of Mean Scores for Satisfaction (when motivation was controlled) 

Video Type n (Observation) Mean SD Mean 

(adjusted) 
SE F eta2 

Linear 

Interactive 

44 

53 

2.54 

2.52 

0.79 

0.66 

2.43 

2.59 

0.06 

0.05 

4.440* 0.069 

*p = .039 < .05 

The results show that a significant difference was found between the linear (M = 2.43, 

SD = 0.06) and interactive videos (M = 2.59, SD = 0.06) in terms of students’ satisfaction 

scores when motivation was controlled, p = .039 < .05. 

4.1.2.2 Engagement 

Hypothesis 5: There is a significant difference between linear and interactive videos in 

terms of students’ engagement scores when motivation is controlled. 

Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of students’ engagement scores when motivation is controlled. 

The assumptions of ANCOVA for engagement were firstly controlled. Here are the results 

for the assumptions in terms of engagement:  

 Kolmogorov-Smirnov test showed normality of residuals was met (p>.05). 

 Levene’s test indicated variances are equal (p>.05) 

 There was a positive correlation between motivation and engagement 

 (r=.81, p=<.01) 

 Test for homogeneity of regression slopes showed the assumption was not violated 

(p>.05) 

These show that assumptions for ANCOVA were met for engagement. Therefore, 

ANCOVA was used for engagement as in satisfaction 

Then, the main effect of video type (linear or interactive) based on estimated marginal 

means was compared in terms of engagement. Table 25 presents the comparison results 

for engagement when motivation was controlled: 
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Table 25. Comparison of Mean Scores for Engagement (when motivation was controlled) 

Video Type n (Observation) Mean SD Mean 

(adjusted) 
SE F eta2 

Linear 

Interactive 

44 

53 

3.41 

3.00 

1.24 

1.19 

3.19 

3.15 

0.11 

0.10 

0.076* 0.001 

*p = .784 > .05 

The results show that no significant difference was found between the linear (M = 3.19, 

SD = 0.11) and interactive videos (M = 3.15, SD = 0.10) in terms of students’ engagement 

scores when motivation was controlled, p > .05. 

4.1.2.3 Learning Performance 

Hypothesis 6: There is a significant difference between linear and interactive videos in 

terms of students’ learning performance when motivation is controlled. 

Null hypothesis: There is no significant difference between linear and interactive videos 

in terms of students’ learning performance when motivation is controlled. 

The assumptions of ANCOVA for learning performance were firstly controlled. Here are 

the results for the assumptions in terms of learning performance:  

 Kolmogorov-Smirnov test showed normality of residuals was met (p>.05). 

 Levene’s test indicated variances are equal (p<.05) 

 There was a positive correlation between motivation and learning performance 

 (r=.25, p=<.01) 

 Test for homogeneity of regression slopes showed the assumption was not violated 

(p>.05) 

Homogeneity of variance was violated as can be seen from the list above. Therefore, as a 

nonparametic test, Quade’s ANCOVA was used for learning performance. Rank of the 

learning performance scores were compared in Quade’s ANCOVA. Table 26 shows the 

comparison results for learning performance scores when motivation was controlled: 
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Table 26. Comparison of Mean Scores for Learning performance (when motivation was controlled) 

Video Type n (observation) Mean SD Mean        

(adjusted rank) 
SE F eta2 

Linear 

Interactive 

44 

53 

85.40 

84.62 

18.66 

14.35 

-2.20 

  1.31 

2.31 

2.02 

1.304* 0.021 

*p = .258 > .05 

The results show that no significant difference was found between the linear (Mrank = -

2.20, SDrank = 2.31) and interactive videos (Mrank = 1.31, SDrank = 2.02) in terms of 

students’ learning performance when motivation was controlled, p > .05. 

Table 27 presents a summary of the findings regarding all hypotheses for both the first 

and second research questions. 
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Table 27. Summary Findings for RQ1 and RQ2 

No. Hypothesis *Students/ 

Observations 

Statistical 

technique 

Mean 

(Lin.) 

Mean 

(Int.) 

p Accepted 

1 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ 

satisfaction. 

18 students t-test 2.54 2.50 .782 No 

2 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ 

engagement. 

18 students t-test 3.40 3.00 .070 No 

3 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ learning 

performance. 

18 students t-test 84.56 84.38 .948 No 

4 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ 

satisfaction score when 

motivation is controlled. 

97 obs. ANCOVA 2.43 2.59 .039 Yes 

5 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ 

engagement score when 

motivation is controlled. 

97 obs. ANCOVA 3.19 3.15 .784 No 

6 There is a significant 

difference between linear 

and interactive videos in 

terms of students’ learning 

performance when 

motivation is controlled. 

97 obs. Quade’s 

ANCOVA 

-2.2** 1.31** .258 No 

* 97 observations of 18 students (44 from linear videos, 53 from interactive videos) 

** Rank was used for Quade’s ANCOVA 
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4.1.3 Differences Based on Click Reasons 

RQ3: Are there any significant differences between linear and interactive videos in terms 

of students’ click reasons? 

The third research question includes a total of seven hypotheses (H7, H8, H9, H10, H11, 

H12, H13) since seven different click reasons were found to require intervention (see 

Figure 5). This research question aims to address changes in click reason frequency 

according to the framework.  

Hypothesis 7: There is a significant difference in the frequency of students’ notetaking 

between linear and interactive videos. 

Null hypothesis: There is no significant difference in the frequency of students’ notetaking 

between linear and interactive videos.  

The Shapiro-Wilk test results for the frequency of students’ notetaking showed that the 

measured differences were normally distributed (p > .05). The frequency of students’ 

notetaking between the linear and interactive videos was compared with a paired samples 

t-test. Table 28 illustrates the comparison results for notetaking: 

Table 28. Comparison of Notetaking between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

17 

17 

2.76 

2.71 

1.42 

1.45 

16 

 

0.389 .702 

The results show that no significant difference was found between the linear (M = 2.76, 

S = 1.42) and interactive videos (M = 2.71, SD = 1.45) in terms of the students’ frequency 

of notetaking, t(16) = 0.389, p > .05. 

Hypothesis 8: There is a significant difference in the frequency of students’ losing 

concentration between linear and interactive videos. 

Null hypothesis: There is no significant difference in the frequency of students’ losing 

concentration between linear and interactive videos.  

The Shapiro-Wilk test results for the frequency of students’ losing concentration showed 

that the measured differences were normally distributed (p > .05). The frequency of 

students’ losing concentration between the linear and interactive videos was compared 

with a paired samples t-test. Table 29 presents the comparison results for losing 

concentration:  
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Table 29. Comparison of Losing Concentration between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

18 

18 

2.71 

2.61 

0.95 

0.85 

17 

 

0.553 .588 

The results show that no significant difference was found between the linear (M = 2.71, 

S = 0.95) and interactive videos (M = 2.61, SD = 0.85) in terms of the students’ frequency 

of losing concentration, t(17) = 0.55, p > .05. 

Hypothesis 9: There is a significant difference in the frequency of students’ not 

understanding the content between linear and interactive videos. 

Null hypothesis: There is no significant difference in the frequency of students’ not 

understanding the content between linear and interactive videos. 

The Shapiro-Wilk test results for the frequency of students’ not understanding the content 

showed that the measured differences were normally distributed (p > .05). The frequency 

of students’ not understanding the content between linear and interactive videos was 

compared with a paired samples t-test. Table 30 shows the comparison results for not 

understanding the content: 

Table 30. Comparison of Not Understanding Content between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

18 

18 

1.83 

1.90 

0.83 

0.79 

17 -0.408 .689 

The results show that no significant difference was found between the linear (M = 1.83, 

S = 0.83) and interactive videos (M = 1.89, SD = 0.79) in terms of the students’ frequency 

of not understanding the content, t(17) = -0.41, p > .05. 

Hypothesis 10: There is a significant difference in the frequency of students’ going back 

to review important points between linear and interactive videos.  

Null hypothesis: There is no significant difference in the frequency of students’ going 

back to review important points between linear and interactive videos. 

The Shapiro-Wilk test results for the frequency of students’ going back to review 

important points showed that the measured differences were normally distributed (p > 

.05). The frequency of students’ going back to review important points between the linear 
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and interactive videos was compared with a paired samples t-test. Table 31 illustrates the 

comparison results for going back to review important points: 

Table 31. Comparison of Going Back to Review Important Points between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

18 

18 

2.97 

2.57 

1.13 

1.08 

17 2.742 .014 

The results show that a significant difference was found between the linear (M = 2.97, 

S = 1.13) and interactive videos (M = 2.57, SD = 1.08) in terms of the students’ frequency 

of going back to review important points, t(17) = 2.74, p < .05. 

Hypothesis 11: There is a significant difference in the frequency of students’ skipping 

unimportant points between linear and interactive videos.  

Null hypothesis: There is no significant difference in the frequency of students’ skipping 

unimportant points between linear and interactive videos. 

The Shapiro-Wilk test results for the frequency of students’ skipping unimportant points 

showed that the measured differences were normally distributed (p > .05). The frequency 

of students’ skipping unimportant points between the linear and interactive videos was 

compared with a paired samples t-test. Table 32 presents the comparison results for 

skipping unimportant points: 

Table 32. Comparison of Skipping Unimportant Points between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

18 

18 

1.54 

2.10 

0.69 

0.82 

17 -3.292 .004 

The results show that a significant difference was found between the linear (M = 1.54, 

S = 0.69) and interactive videos (M = 2.10, SD = 0.82) in terms of the students’ frequency 

of skipping unimportant points, t(17) = -3.29, p < .05. 

Hypothesis 12: There is a significant difference in the frequency of students’ wanting to 

finish quickly between linear and interactive videos. 

Null hypothesis: There is no significant difference in the frequency of students’ wanting 

to finish quickly between linear and interactive videos. 
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The Shapiro-Wilk test results for the frequency of students’ wanting to finish quickly 

showed that the measured differences were normally distributed (p > .05). The frequency 

of students’ wanting to finish quickly between the linear and interactive videos was 

compared with a paired samples t-test. Table 34 presents the comparison results for 

students’ wanting to finish quickly: 

Table 33. Comparison of Wanting to Finish Quickly between Linear and Interactive Videos 

Video Type n X̄ SD df t p 

Linear 

Interactive 

18 

18 

3.10 

3.17 

1.27 

1.12 

17 -0.367 .718 

The results show that no significant difference was found between the linear (M = 3.10, 

S = 1.27) and interactive videos (M = 3.17, SD = 1.12) in terms of the students’ frequency 

of wanting to finish quickly, t(17) = -0.367, p > .05. 

Hypothesis 13: There is a significant difference in the frequency of students’ facing 

language issues between linear and interactive videos. 

Null hypothesis: There is no significant difference in the frequency of students’ facing 

language issues between linear and interactive videos. 

The Shapiro-Wilk test results for the frequency of students being faced with language 

issues showed that the measured differences were not normally distributed (p < .05). The 

frequency of students’ facing language issues between linear and interactive videos was 

compared with the Wilcoxon signed-rank test since it did not meet the assumptions for a 

t-test. Table 31 presents the comparison results for students’ facing language issues: 

Table 34. Comparison of Facing Language Issues between Linear and Interactive Videos 

Video Type n X̄ SD  Z p 

Linear 

Interactive 

16 

16 

1.93 

1.78 

0.92 

0.88 

 1.615 .106 

The results show that no significant difference was found between the linear (M = 1.93, 

S = 0.92) and interactive videos (M = 1.78, SD = 0.88) in terms of the frequency of 

students being faced with language issues, Z = 1.615, p > .05. 

Since all of the reasons were investigated within the same section in the questionnaire and 

there were multiple comparisons performed, p-values were also adjusted according to the 

Benjamini-Hochberg procedure (Benjamini & Hochberg, 1995). Table 35 presents a 

summary, together with an adjusted p-value. 
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Table 35. Comparison of Reasons between Linear and Interactive Videos 

Hypothesis Reason Video 

Type 

n M SD df t p 

(adjusted) 

Accepted 

7 Notetaking  Linear 

Interactive 

17 

17 

2.76 

2.71 

1.42 

1.45 

16 

 

0.389 .718 No 

8 Losing 

Concentration 

Linear 

Interactive 

18 

18 

2.71 

2.61 

0.95 

0.85 

17 

 

0.553 .718 No 

9 Lack of 

Understanding 

Content 

Linear 

Interactive 

18 

18 

1.83 

1.90 

0.83 

0.79 

17 -0.408 .718 No 

10 Going Back to 

Review 

Important 

Points 

Linear 

Interactive 

18 

18 

2.97 

2.57 

1.13 

1.08 

17 2.742 .049 Yes 

11 Skipping 

Unimportant 

Points 

Linear 

Interactive 

18 

18 

1.54 

2.10 

0.69 

0.82 

17 -3.292 .028 Yes 

12 Wanting to 

Finish Quickly 

Linear 

Interactive 

18 

18 

3.10 

3.17 

1.27 

1.12 

17 -0.367 .718 No 

Hypothesis Reason Video 

Type 

n M SD  *Z p 

(adjusted) 

Accepted 

13 Facing 

Language 

Issues 

Linear 

Interactive 

16 

16 

1.93 

1.78 

0.92 

0.88 

 -1.615 .247 No 

*Wilcoxon signed-rank test was used for H13 since it did not meet assumptions for t-test. 

The results presented in Table 35 show that significant differences were found to exist for 

two out of the seven click reasons (“Going Back to Important Points” and “Skipping 

Unimportant Points”). First, a significant difference was found to exist between the linear 

(M = 2.97, SD = 1.13) and interactive videos (M = 2.57, SD = 1.08) in terms of the 

students’ frequency of going back to view important points (t(17) = 2.74, p < .05). 

Second, a significant difference was found to exist between the linear (M = 1.54, 

SD = 0.69) and interactive videos (M = 2.10, SD = 0.82) in terms of the students’ 

frequency of skipping unimportant points (t(17) = -3.29, p < .05). 
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In addition, the students were shown to have taken notes more (Mlinear = 2.76 > 

Minteractive = 2.71), lost concentration more (Mlinear = 2.71 > Minteractive = 2.61), and faced 

language issues more (Mlinear = 1.93 > Minteractive = 1.78) in the linear videos than in the 

interactive videos, even where the results were found to be non-significant. 

4.2 Results for Comprehensive Learning Analytics 

Correlations, clusters, and predictors based on the participant students’ video clickstream 

behaviors were investigated with comprehensive learning analytics in order to address the 

last three research questions.  

The fourth research question focuses on correlations between the students’ video 

clickstream behaviors and their learning performance, whilst the fifth research question 

aims to find clusters based on the students’ video clickstream behaviors. The sixth 

research question then aims to reveal the predictors of engagement, satisfaction, and 

learning performance and to examine how successfully these predictors can classify 

engagement, satisfaction, and learning performance.  

Since the video clickstream behaviors were collected during the viewing of the first three 

videos, the vieving behavior results relate only to the linear videos. Analysis of the video 

clickstream behaviors was based on repeated measures instead of single aggregated 

measure in this section because students may well perform different behaviors when 

viewing different videos. Therefore, data collected representing 16 of the participant 

students who watched more than one video lecture were used to analyze the video 

clickstream behaviors. That is, data for the two students who only viewed one of the video 

lectures were eliminated from the watching behaviors analysis (which differs to the 

analysis of the framework). While those students’ data included valuable information for 

the evaluation of the framework as they had watched all three of the interactive videos, 

their data was insufficient for the purposes of investigating video clickstream behaviors.  

In total, 42 observations were obtained from 16 participant students in the experiment. 

Table 36 presents the numbers of interactions for each participant based on each video. 

  



69 

 

 Table 36. Number of Interactions for Participants per Video Lecture 

 

Video Lecture 1 Video Lecture 2 Video Lecture 3  

Total NPl NP NF NB T NPl NP NF NB T NPl NP NF NB T 

P01 35 34 1 12 89 9 7 0 5 29 53 52 0 6 118 236 

P02 - 3 2 0 1 13 2 1 0 0 10 23 

P03 2 1 0 0 5 - 2 1 5 0 15 20 

P04 4 3 0 1 11 6 6 3 4 31 24 23 0 8 65 107 

P05 - 11 11 5 15 50 16 15 15 17 68 118 

P06 22 17 32 30 127 20 18 17 41 104 24 23 6 26 86 317 

P07 3 0 0 0 10 6 5 10 0 30 1 0 0 0 2 42 

P08 3 0 0 0 11 4 0 0 0 11 33 31 3 22 100 122 

P09 16 16 2 11 48 8 7 1 3 25 - 73 

P10 - 3 2 7 0 16 2 2 8 1 15 31 

P11 67 67 6 13 160 64 63 17 46 198 3 2 0 0 8 366 

P12 49 48 1 9 117 - 7 6 15 1 32 149 

P13 9 6 3 20 46 3 2 0 2 9 6 4 0 3 21 76 

P14 9 8 7 9 38 9 8 0 3 23 14 13 17 11 58 119 

P15 1 1 0 1 5 18 18 7 12 58 11 11 3 7 40 103 

 P16 4 3 0 0 11 4 4 0 1 11 8 7 1 0 28 50 

Total 228 206 52 106 692 151 138 55 117 529 186 173 50 84 573 1,794 

NPl = # of Plays, NP = # of Pauses, NB = # of Backwards, NF = # of Forwards, T = Total Interactions (incl. other 

types). Rows show each participant’s interaction statistics for each video lecture. 

Since number of pauses and number of plays are highly correlated, only number of pauses 

was used in the analyses to answer all hypotheses except hypothesis 14 (H14 investigates 

total number of interactions). 
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4.2.1 Correlations Between Video Clickstream Behaviors and Learning 

Performance 

RQ4: Are there any correlations between video clickstream behaviors and learning 

performance? 

The fourth research question includes six hypotheses (H14, H15, H16, H17, H18, H19) 

since it aims to investigate the effect of the total number of clicks, number of pauses, 

number of backwards, number of forwards, forward speed, and backward speed separately 

on the students’ learning performance. 

The “rmcorr: Repeated Measures Correlation” package was used in R to calculate the 

correlations between the students’ video clickstream behaviors and their learning 

performance. The results and hypotheses for the fourth research question are detailed in 

the following paragraphs. In addition, Table 37 presents a summary of the correlation 

findings at the end of this section. 

Hypothesis 14: There is a significant correlation between total number of clicks and 

learning performance.  

Null hypothesis: There is no significant correlation between total number of clicks and 

learning performance. 

The results show that a significant positive correlation was found between total number 

of interactions and learning performance (n = 42, r = .66, p < .01). 

Since number of pauses and number of plays are highly correlated as in Figure 3, using 

both to calculate the total number of interactions can mislead. However, all data are almost   

affected by this, which does not have a significant effect on this hypothesis. To show this, 

the total number of interactions was also calculated by subtracting number of plays from 

the total and repeated measure analysis gave almost same result with previous one (n = 42, 

r = .65, p < .01).  

Hypothesis 15: There is a significant correlation between number of pauses and learning 

performance.  

Null hypothesis: There is no significant correlation between number of pauses and 

learning performance. 

The results show that a significant positive correlation was found between number of 

pauses and learning performance (n = 42, r = .62, p < .01). 

Hypothesis 16: There is a significant correlation between number of backwards and 

learning performance.  
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Null hypothesis: There is no significant correlation between number of backwards and 

learning performance. 

The results show that a significant positive correlation was found between number of 

backwards and learning performance (n = 42, r = .48, p = .01). 

Hypothesis 17: There is a significant correlation between number of forwards and learning 

performance.  

Null hypothesis: There is no significant correlation between number of forwards and 

learning performance. 

The results show that a significant positive correlation was found between the number of 

forwards and learning performance (n = 42, r = .32, p = .10). 

The backward speed and forward speed for each interaction was also calculated by 

dividing skipping time by the video total time, as follows: 

BSi,j = BTi,j / VTi,j  

FSi,j = FTi,j / VTi,j where i = related user and j = related video lecture 

BS = Backward Speed, BT = Skipping Time for Backwards (Mean), FT = Skipping Time for Forwards 

(Mean), VT = Video Time (Total) 

Hypothesis 18: There is a significant correlation between the mean of backward speed and 

learning performance.  

Null hypothesis: There is no significant correlation between the mean of backward speed 

and learning performance. 

The results show that a significant negative correlation was found between the mean of 

backward speed and learning performance (r = -.65, p < .01).  

Hypothesis 19: There is a significant correlation between the mean of forward speed and 

learning performance. 

Null hypothesis: There is no significant correlation between the mean of forward speed 

and learning performance. 

The results show that no significant correlation was found between the mean of forward 

speed and learning performance (r = -.28, p > .05).  
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Table 37. Summary of Correlation Findings 

No Hypothesis r p Accepted 

14 There is a significant correlation between total number of clicks and 

learning performance. 

.66 < .01 Yes 

15 There is a significant correlation between number of pauses and 

learning performance. 

.62 < .01 Yes 

16 There is a significant correlation between number of backwards and 

learning performance. 

.48 = .01 Yes 

17 There is a significant correlation between number of forwards and 

learning performance. 

.32 > .05 No 

18 There is a significant correlation between the mean of backward 

speed and learning performance. 

.65 < .01 Yes 

19 There is a significant correlation between the mean of forward speed 

and learning performance. 

.28 > .05 No 

4.2.2 Clusters Based on Video Clickstream Behaviors 

RQ5: Are there any significant differences between clusters within cluster sets based on 

video clickstream behaviors in terms of learning performance? 

The fifth research question also includes three hypotheses (H20, H21, H22), since three 

clustering types were determined in order to answer the research question. Details for 

these clusters are explained in detail in the following paragraph. At the end of this section, 

Table 45 presents a summary of all the clustering findings. 

The fifth research question examined the differences between behavioral groups obtained 

based on the students’ video clickstream interactions. First, the groups were identified 

using cluster analysis and their differences were then investigated using statistical 

techniques. The students’ clickstream behaviors were clustered using three different 

feature sets according to the two-step cluster analysis approach, which is considered 

preferable for this type of analysis since it merges the principles of traditional clustering 

procedures and presents an overall goodness of fit measure (Polier, 2019). Cluster graphs 

were also used in order to verify the quality of the clusters. The following lists the 

selections for the two-step cluster analysis: 

1. Log-likelihood selected as Distance Measure 

2. Schwarz’s Bayesian Criterion selected as Clustering Criterion 

The feature sets used for the analysis are as follows: 
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Feature Set 1: Numbers of pauses, numbers of forwards, and numbers of backwards for 

each user for each video 

Feature Set 2: Percentage of pauses, percentage of forwards, and percentage of 

backwards for each user for each video 

Feature Set 3: Forward speed and backward speed for each user for each video 

As a result, the students’ video clickstream behaviors were clustered in three different 

ways: 

1. Clustering based on Numbers of Pauses, Forwards, and Backwards 

2. Clustering based on Percentage of Pauses, Forwards, and Backwards 

3. Clustering based on Forward Speed and Backward Speed 

Therefore, three clustering sets were created according to the three aforementioned feature 

sets used for the analysis. 

4.2.2.1 Clustering Based on Numbers of Pauses, Forwards, Backwards 

Figure 6 shows the number of clusters and Schwarz’s Bayesian Criterion (BIC). Two was 

selected as the number of clusters since it shows the smallest BIC value. 

 

Figure 6. BIC Values for Number of Clusters Based on Number of Clicks 
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Table 38 shows the number of pauses, backwards and forwards interactions for each 

cluster. Clusters were named as (1) “High Clicking” and (2) “Low Clicking” based on the 

mean scores of the click numbers. 

Table 38. Clusters Based on Numbers of Pauses, Forwards and Backwards 

  Pause Backward Forward 

  N M SD M SD M SD 

Cluster High Clicking 14 29.71 20.07 20.00 11.98 9.29 9.09 

Low Clicking 28 4.71 5.20 2.18 3.10 2.21 3.84 

Combined  13.05 16.97 8.12 11.14 4.57 6.88 

Figure 7 shows the average Silhouette value for the clustering. As can be seen, the 

clustering achieved a value of 0.6, which is considered as “good.” 

 

 

Figure 7. Cluster Quality Based on Numbers of Clicks 

Figure 8 shows the distribution of the clusters based on numbers of pauses, forwards, and 

backwards. 
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Figure 8. Cluster Distribution Based on Numbers of Pauses, Forwards, Backwards 

Hypothesis 20: There is a significant difference in learning performance between the 

groups based on the number of clicks.  

Null hypothesis: There is no significant difference in learning performance between the 

groups based on the number of clicks. 

Table 39 presents the mean learning performance scores for each group.  

Table 39. Robust Linear Mixed-Model Results to Predict Learning Performance for Clusters Based on 

Numbers 

Response Predictor Estimate SE df t p 

Learning 

performance 

(Intercept) 

Cluster (Ref = Low Clicking)  

High Clicking 

81.06 

18.23 

3.04 

5.26 

40 

40 

26.70 

3.47 

.000*** 

.001*** 

The learning performance was predicted using the two clustering groups in order to 

investigate Hypothesis 20 using the Robust Linear Mixed-Model Analysis technique 

(Koller, 2016). As an individual student could belong to either the low-clicking or high-

clicking clusters for a certain video, the points in each group might not be treatable as 

independent and residuals may be non-normal based on categorical data. Hence, the 
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Robust Linear Mixed-Effect Model (Robust LMM) was employed, which is a linear 

additive model of multi-levels by groups, where the random effect within group is additive 

to the fixed effect between group: 

i = Xi + Zibi + i 

where Y is the vector of the response variable (quiz scores), X is the fixed effect (video 

interaction features),  is the vector of the fixed effects coefficients, Z is the random effects 

(each user), b is the vector of random effects coefficients, i is the related group, and ε is 

the error for random effects (Fox, 2002). 

Robust LMM does not make any assumption, with one exception being that the model 

parameters can be estimated as mentioned in section 3.5.  

Table 40. Robust Linear Mixed Model Results to Predict Learning Performance for Clusters Based on 

Numbers 

Response Predictor Estimate SE df t p 

Learning 

performance 

(Intercept) 

Cluster (Ref = Low Clicking) 

High Clicking 

81.06 

18.23 

3.04 

5.26 

40 

40 

26.70 

3.47 

.000*** 

.001*** 

A statistically significant group effect (p = .001) was found, which means that high-

clicking behaviors resulted in higher learning performance when compared to low-

clicking behaviors (Estimate = +18.23).  

4.2.2.2 Clustering Based on Percentage of Pauses, Forwards, Backwards 

For each participant student per video, the Percentages of Pauses, Forwards, and 

Backwards were calculated by dividing the number of interactions for each related click 

type by the total number of interactions as follows: 

PPi,j = NPi,j / (NPi,j+NBi,j+NFi,j) 

PBi,j = NBi,j / (NPi,j+NBi,j+NFi,j) 

PPi,j = NFi,j / (NPi,j+NBi,j+NFi,j) 

PP = % of Pauses, PB = % of Backwards, PF = % of Forwards, NP = # of Pauses, NB = # of Backwards, 

NF = # of Forwards 

The two-step cluster produced three clusters, one of which is a combination of the 

forwards with those not having all three basic interaction types (pause, forward, 

backward). Therefore, in order to obtain clusters based on percentage of pauses, forwards, 
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and backwards, hierarchical clustering based on average linkage between groups was 

applied. Four was selected as the number of clusters since it was the most suited to the 

group based on percentage when the data and dendrogram were analyzed (see 

Appendix H).  

Table 41 shows the percentage of pause, backward and forward for each cluster. The 

mean scores show that first cluster had the highest percentage of pauses, the second cluster 

had the highest percentage of backwards, whilst the third cluster had the highest 

percentage of forwards. Therefore, the clusters can be named as (1) Pauser, 

(2) Backwarder, (3) Forwarder, and (4) Player from looking at the mean click percentage 

scores. 

Table 41. Clusters Based on Percentage of Pauses, Forwards and Backwards 

 

N Pause % Forward % Backward % 

 M SD M SD M SD 

Cluster Pauser 15 .83 .13 .02 .04 .15 .12 

Backwarder 18 .42 .13 .15 .13 .42 .10 

Forwarder 

Player 

5 

4 

.24 

.00 

.07 

.00 

.74 

.00 

.07 

.00 

.03 

.00 

.04 

.00 

Combined  .51 .30 .16 .24 .24 .19 

Figure 9 shows the cluster distribution based on Percentage of Pauses, Forwards, and 

Backwards. 
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Figure 9. Cluster Distribution Based on Percentage of Pauses, Forwards, Backwards 

Hypothesis 21: There is a significant difference in learning performance between the 

groups based on their click preferences.  

Null hypothesis: There is no significant difference in learning performance between the 

groups based on their click preferences. 

Next, the learning performance differences between the groups based on their click 

preferences were compared with those of the statistical analyses. For this, the Robust 

Linear Mixed-Model approach was employed since it considers the randomized effects of 

repeated measures differently from both ANOVA and Kruskal Wallis. 

Table 42. Robust Linear Mixed Model Results to Predict Learning Performance for Clusters Based on 

Percentage 

Response Predictor Estimate SE df t p 

Learning 

performance 

(Intercept) 

Cluster (Ref = Player) Pauser 

Cluster (Ref = Player) Backwarder 

Cluster (Ref = Player) Forwarder 

71.45 

14.01 

22.03 

11.14 

8.85 

9.96 

9.79 

11.88 

38 

38 

38 

38 

8.07 

1.41  

2.25 

0.94  

.000*** 

.168 

.030* 

.354 
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The results show that the clusters based on Percentage of Pauses, Forwards, and 

Backwards significantly predict learning performance (p = .030). The Backwarder results 

produced a higher learning performance when compared to Player (Estimate = +22.03).  

4.2.2.3 Clustering Based on Forward Speed and Backward Speed 

Figure 10 shows the number of clusters and Schwarz’s Bayesian Criterion (BIC). Two 

was selected as the number of clusters since it shows the smallest BIC value. 

 

Figure 10. BIC Values for Number of Clusters Based on Click Speed 

Table 43 shows the means of backward speed and forward speed for each cluster. The 

mean scores show that first cluster has high scores whilst the second has low scores for 

both forward speed and backward speed. Therefore, these clusters are named as (1) “Fast 

Watching” and (2) “Slow Watching” in accordance with their respective mean forward 

speed and backward speed scores. 
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Table 43. Clusters Based on Forward Speed and Backward Speed 

 

N Forward Speed Backward Speed 

 M SD M SD 

Cluster Fast Watching 8 .083 .066 .071 .084 

Slow Watching 25 .008 .008 .016 .016 

Combined  .027 .046 .030 .048 

Figure 11 shows the average Silhouette value for clustering. As can be seen, the clustering 

has a value of 0.7, which is considered to be “good.” 

 

Figure 11. Cluster Quality (Based on Click Speed) 

Figure 12 shows the distribution of clusters based on forward speed and backward speed. 
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Figure 12. Cluster Distribution Based on Forward Speed and Backward Speed 

After grouping based on forward speed and backward speed, the differences among 

groups could then be compared in terms of learning performance in order to answer the 

following hypothesis. 

Hypothesis 22: There is a significant difference in learning performance between groups 

based on backward speed and forward speed.  

Null hypothesis: There is no significant difference in learning performance between 

groups based on backward speed and forward speed. 

Table 44. Robust Linear Mixed Model Results to Predict Learning Performance for Clusters Based on 

Speed 

Response Predictor Estimate SE df t p 

Learning 

performance 

(Intercept) 

Cluster (Ref = Fast Watching) 

Slow Watching 

75.42 

20.98 

3.57 

4.10 

31 

31 

21.12 

 5.11 

.000*** 

.000*** 

In order to examine Hypothesis 22, linear mixed model analysis was performed in order 

to assess the effect of the clusters on the participant students’ learning performance. The 

results show that clusters based on forward speed and backward speed were able to 

significantly predict learning performance (p = .000). Results for the Slow Watching 

cluster produced higher learning performance when compared to the Fast Watching 

cluster (Estimate = +20.98).  
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4.2.2.4 Summary Results for Research Question 5 

Table 45 presents a summary of all findings related to clustering. 

Table 45. Summary of Clustering Findings 

No Hypothesis Clustering 

Method 

Result Accepted 

Details p 

20 There is a significant difference 

in learning performance between 

the groups based on the number 

of clicks. 

two-step 

cluster 

analysis 

High Clicking behavior 

results in higher learning 

performance when 

compared to Low Clicking 

(Estimate = +18.23).  

.001 YES 

21 There is a significant difference 

in learning performance between 

the groups based on their click 

preferences. 

hierarchical 

clustering 

Backwarder results in 

higher learning 

performance when 

compared to Player 

(Estimate = +22.03).  

.030 YES 

22 There is a significant difference 

in learning performance between 

the groups based on backward 

speed and forward speed. 

two-step 

cluster 

analysis 

Slow Watching results in 

higher learning 

performance when 

compared to Fast 

Watching 

(Estimate = +20.98). 

.000 YES 

4.2.3 Predictions Based on Video Viewing Behaviors 

RQ6: Which video viewing behaviors and to what extent can these behaviors predict 

students’ engagement, satisfaction, and learning performance? 

The sixth research question includes five hypotheses (H23, H24, H25, H26, H27) whose 

content varies according to the respective input (video clickstream behaviors, behaviors 

with click reasons) or output (satisfaction, engagement, learning performance). Each is 

explained in the following related subsections. 

Hypothesis 23: XGBoost or Robust LMM can significantly predict learning performance 

better than the baseline model with video clickstream behaviors in terms of three 

evaluation schemes.  

Null hypothesis: XGBoost or Robust LMM cannot significantly predict learning 

performance better than the baseline model with video clickstream behaviors in terms 

of three evaluation schemes. 
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Since the aim is to determine whether or not video clickstream behaviors can predict 

satisfaction, engagement, and learning performance scores alone or together with their 

respective reasons, two main stages were determined for the predictions. Each stage 

includes inputs, algorithms, and outputs.  

The first uses only video clickstream behaviors based on system data as input, XGBoost 

(Chen & Guestrin, 2016) and Robust Linear Mixed Model (Koller, 2016) as its algorithms, 

and satisfaction, engagement, and learning performance as the outputs. The first stage 

aims to identify whether or not the video clickstream behaviors are sufficient for 

predicting the variables, and if so, which features are considered as its indicators. The 

second stage was then followed for those variables which could not be predicted in the 

first stage, with the aim being to form a prediction together with the respective click 

reasons. As such, the click reasons were added to the input, thereby making it possible to 

see if the click reasons are actually necessary in order to achieve a better prediction.  

Table 46 presents the main stages for the predictions: 

Table 46. Main Prediction Stages 

Stage Inputs Algorithms Outputs 

1  Video Clickstream 

Behaviors 

 XGBoost  

 Robust Linear Mixed Model 

 Learning performance 

 Satisfaction 

 Engagement 

2  Video Clickstream 

Behaviors 

 Click Reasons 

 Algorithm which best 

predicts in Stage 1 

 Outputs not predicted 

in Stage 1 

For video clickstream behaviors and click reasons, different features were determined. 

Table 47 details the features based on video clickstream behaviors. These features were 

used in the first stage of prediction. 
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Table 47. Features Based on Video Clickstream Behaviors 

No Feature 

1 Number of Pauses 

2 Number of Forwards 

3 Number of Backwards 

4 Percentage of Pauses 

5 Percentage of Forwards 

6 Percentage of Backwards 

7 Mean Forward Speed 

8 Mean Backward Speed 

Table 48 presents the features based on click reasons. Their scores were determined from 

the Click Reasons Questionnaire, and their features used in the second stage of prediction 

together with the features based on video clickstream behaviors. 

Table 48. Features Based on Click Reasons 

No Feature 

1 Frequency of Notetaking  

2 Frequency of Losing Concentration 

3 Frequency of Not Understanding Content 

4 Frequency of Facing Language Issues 

5 Frequency of Going Back to Review Important Points 

6 Frequency of Skipping Unimportant Points 

7 Frequency of Wanting to Finish Quickly 

The two stages of prediction are explained in more detail in the following subsections. A 

summary of all the findings related to prediction are presented in Table 89, which is 

located at the very end of this section. 
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4.2.3.1. Learning Performance (Grade) 

To predict the learning performance based on XGBoost and Robust LMM, the following 

main steps were performed respectively: 

1. Feature Selection 

2. Comparison with Baseline (Random Split) 

3. Comparison with Baseline (One Person Leave Out) 

4. Comparison with Baseline (One Video Leave Out) 

4.2.3.1.1 Learning Performance Prediction Based on Video Clickstream Behaviors 

(Stage 1) 

4.2.3.1.1.1 Feature Selection 

Three steps were followed to select the input features for developing the models based on 

XGBoost, the last two of which were also followed for the Robust LMM algorithm. These 

steps were (1) parameter tuning (not necessary for Robust LMM), (2) feature ranking, and 

(3) determining the number of features respectively for both algorithms.  

4.2.3.1.1.1.1 Feature Selection for XGBoost 

Step 1: Parameter Tuning for XGBoost 

To find the best parameters, the dataset was split into a training dataset and a testing 

dataset, using stratified random sampling with five folds (four for training purposes, and 

one for testing). Therefore, five iterations were performed in total, where one fold was 

used for testing and four were used for training in each iteration. Stratified mean learning 

performance (grades/scores) distribution in the original dataset was preserved in the 

samples. Parameters that gave the best scores on the validation dataset were then selected.  

Table 49 presents the parameters and values used for the purpose of hyperparameter 

tuning the XGBoost algorithm.  
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Table 49. Hyperparameter Tuning (Parameters and Values) for XGBoost 

Parameter Values 

learning_rate 0.01, 0.1 

max_depth 3, 5, 7 

min_child_weight 1, 2, 3, 4, 5 

subsample 0.5, 0.7 

colsample_bytree 

n_estimators 

objective 

0.5, 0.7 

400, 500, 600 

Mean Squared Error  

Step 2: Feature Ranking for XGBoost 

For the XGBoost algorithm, the features were each ranked according to the mean feature 

importance rate over the five iterations. 

Table 50. Importance of Features with XGBoost for Learning performance 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Number of Pauses 0.145 0.125 0.176 0.174 0.143 0.153 1 

Number of 

Backwards  

0.134 0.108 0.133 0.181 0.195 0.150 2 

Mean Backward 

Speed  

0.153 0.170 0.166 0.132 0.104 0.145 3 

Number of 

Forwards  

0.144 0.086 0.121 0.138 0.131 0.124 4 

Percentage of 

Pauses  

0.109 0.207 0.097 0.101 0.097 0.122 5 

Percentage of 

Backwards  

0.108 0.106 0.130 0.112 0.118 0.115 6 

Mean Forward 

Speed 

0.142 0.102 0.119 0.083 0.109 0.111 7 

Percentage of 

Forwards  

0.066 0.095 0.059 0.079 0.101 0.080 8 

Step 3: Determining the Number of Features for XGBoost 

Root Mean Square Error (RMSE) scores were calculated for each feature set iteratively in 

order to determine the optimum number of features. The features were added one by one 

according to their ranking. Since the top three features had the lowest RMSE, and were 
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also differentiated in terms of their feature importance (see Mean values in Table 54), 

three features were selected according to their ranks. In addition, Wilcoxon signed-rank 

test, a non-parametric test for comparing two-related groups (Field, 2018), was performed 

as a significance test.  

Table 51 shows that using the first three features (RMSE = 14.56, MAE = 11.11, 

SD = 9.53) gave better results (less Mean Absolute Error) than when using all eight 

features (RMSE = 16.38, MAE = 12.75, SD = 10.40), Z = 605, p = .055, even though the 

results are not significant. This shows that adding more than three features did not improve 

the model and confirms the feature selection. 

Table 51. Comparison of Three Features and Eight Features with XGBoost for Learning Performance 

No Model N (observations) RMSE MAE SD Z p 

1 Three-feature model  42 14.56 11.11 9.53 605 .055 

2 Eight-feature model 42 16.38 12.75 10.40   

As a result, the top three features were selected and reordered based on their respective 

feature importance: 

Table 52. Importance of Selected Features with XGBoost for Learning Performance 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Number of 

Pauses 

0.392 0.355 0.419 0.379 0.336 0.376 1 

Mean 

Backward 

Speed  

0.345 0.376 0.332 0.302 0.265 0.324 2 

Number of 

Backwards 

0.263 0.269 0.249 0.319 0.399 0.300 3 

* VIF1 = 1.53, VIF2 = 1.03, VIF3 = 1.53 

After creating each prediction model, multicollinearity was also checked for each feature 

with Variance Inflation Factor (VIF). If VIF was less than 5, this reveals there being no 

multicollinearity (Akinwande et al., 2015). 
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4.2.3.1.1.1.2 Feature Selection for Robust LMM 

Step 1: Feature Ranking 

For the Robust LMM algorithm, the features were ranked according to their significance 

value in the model. Table 53 presents the significance of each feature according to its rank. 

Table 53. Significance of Features with Robust LMM for Learning Performance 

Rank Variable Estimate SE t p 

0 Intercept 72.57 7.55 9.61 .00 

1 Mean Backward Speed -161.51 58.99 -2.74 .01 

2 Percentage of Backwards 37.59 18.51 2.03 .05 

3 Number of Pauses 0.26 0.21 1.28 .21 

4 Percentage of Pauses 7.63 10.08 0.76 .45 

5 Percentage of Forwards 18.99 27.72 0.69 .50 

6 Mean Forward Speed 0.11 0.79 0.14 .66 

7 Number of Forwards -53.15 119.40 -0.45 .89 

8 Number of Backwards -0.07 0.53 -0.13 .90 

Step 2: Determining the Number of Features for Robust LMM 

It is possible for one variable to be repressed by another because of interactions between 

the variables. Therefore, backward feature selection was used in order to select the 

variables for the final model. Features were then removed from the model according to 

their rank on a one-by-one basis until the RMSE value increased, or a feature exceeded 

the p-value threshold.  

As a result, the first three features were selected since both the RMSE was the lowest and 

the p-values were within threshold for three features. Wilcoxon signed-rank test showed 

that using three features (RMSE = 15.11, MAE = 11.27, SD = 10.19) provided better 

results (less MAE) than using all eight features (RMSE = 16.40, MAE = 12.66, 

SD = 10.54), Z = 462, p = .185. Therefore, utilizing all eight features was not needed since 

the additional features would not improve the model. Therefore, this result also confirmed 

the feature selection. 
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Table 54. Comparison of Three Features with Eight Features with Robust LMM for Learning 

Performance 

N

o 

Model N (observations) RMSE MAE SD Z p 

1 RLMM with three features 42 15.11 11.27 10.19 462 .185 

2 RLMM with eight features 42 16.40 12.66 10.54   

 

Since the overall goal was to predict the students’ learning performance (i.e., midterm 

exam scores), the p-value threshold was selected as .15 rather than .05 as the feature 

selection stop criteria (Faraway, 2002). Therefore, number of pauses, as the third variable 

in Robust LMM, was also used in the model after backward feature selection (see 

Table 55). In addition, adding it to the model decreased RMSE. However, adding other 

variables caused the p-value to exceed the .15 threshold, hence the model presented in 

Table 55 was selected for the Robust LMM. Table 55 presents the fixed effects summary 

for the final Robust LMM model. 

Table 55. Fixed Effects of Final Robust LMM for Learning Performance 

Rank Variable Estimate SE t p 

0 Intercept 79.83 3.78 21.14 .00 

1 Mean Backward Speed  -162.14 51.48 -3.15 .00 

2 Percentage of Backwards 32.53 11.95 2.72 .01 

3 Number of Pauses 0.26 0.13 1.96 .06 

* VIF1 = 1.09, VIF2 = 1.10, VIF3 = 1.07 

4.2.3.1.1.2 Comparing XGBoost and Robust LMM with Baseline (Random Split) 

Nested-cross validation was used as the original dataset was split into training and testing 

datasets, and stratified random sampling was used with five folds for five iterations, which 

was the same as in Step 1 of Section 4.2.1.1. In each iteration, one fold was set aside as 

an unseen testing dataset, with the remaining four folds used to validate the model and to 

find the best parameters for XGBoost and training. The cross-validation parameters and 

values used for XGBoost are presented in Table 49. For XGBoost regressor, the RMSE 

score was used to evaluate the model’s performance. The results for XGBoost showed 

that RMSE was 14.76 (Mcv = 14.68, SDcv = 1.90).  
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For Robust LMM, there is no need to perform hypermeter tuning. The results for Robust 

LMM showed that RMSE was 15.11 (Mcv = 14.86, SDcv = 3.73).  

However, the RMSE scores for XGBoost and Robust LMM algorithm are not meaningful 

without the use of a baseline for comparative purposes. Therefore, their respective results 

were each compared to a baseline model that predicted learning performance in the test 

dataset using mean learning performance scores from the training dataset.  

Table 56. Comparison of XGBoost, Robust LMM and Baseline for Learning Performance Prediction 

(Random Split) 

A Friedman test (aka Friedman’s ANOVA), a statistical analysis method used for 

comparing means of several related groups having non-parametric distributions (Field, 

2018), was conducted in order to compare the XGBoost and Robust LMM algorithm 

performances with that of the baseline. The results showed that a significant difference 

was found to exist (χ2(2) = 12.905, p = .002) (see Table 56). Then, Wilcoxon-Bonferroni 

post hoc tests were conducted for the purpose of pairwise comparison.  

The comparisons showed that both XGBoost (RMSE = 14.76, MAE = 11.50, SD = 9.36) 

and Robust LMM (RMSE = 15.11, MAE = 11.27, SD = 10.19) significantly predicted 

learning performance more accurately than the baseline model (RMSE = 18.12, 

MAE = 15.51, SD = 9.48), p(XGBoost-Baseline) = .024, and p(RobustLMM-

Baseline) = .009. However, there was no significant difference found between XGBoost 

and Robust LMM, p(XGBoost-RobustLMM) = 1.000.  

RMSE percentage (aka relative RMSE or normalized RMSE) was also added to the 

comparison tables (see Table 56, Table 57, and Table 58) (Jamieson et al., 1991; Jeong et 

al., 2014; Li et al., 2013). The formula for calculating the RMSE percentage is as follows: 

%𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

𝑋
 x 100 

Figure 13 shows the learning performance predictions for each student for each video. 

Both the XGBoost and Robust LMM models were considered good at predicting high 

values in a Random Split evaluation scheme. However, the models were shown to predict 

learning performance of 70 or higher, except for P07, P08, and P15 in Video Lecture 1, 

and for P02 in Video Lecture 2, which had generally among the lowest scores among the 

related quizzes. Even if the models predict learning performance with low scores, the 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

17.20 

17.61 

14.76 

15.11 

11.50 

11.27 

9.36 

10.19 

12.905 .002 

3 Baseline 42 21.12 18.12 15.51 9.48   
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models do not show how low the learning performance scores actually are. Similarly, P02, 

P07, P10, and also P11 received the lowest scores in the third video lecture. Even if the 

error rates were considered high for each of them, the models’ predictions are generally 

seen as lower for participants with higher-end scores. This can be explained by the limited 

prediction range of the models.  

 

Figure 13. Learning Performance Predictions (based on Random Split) for 42 Observations 

4.2.3.1.1.3 Comparison of XGBoost and Robust LMM with Baseline (One Person 

Leave Out) 

This evaluation scheme aimed to measure the generalization capability of the proposed 

models for predicting new students’ learning performance using the existing video 

watching behaviors of other students. One student’s watching data for all videos was 

purposefully left out for testing, with the remainder used for training and validation. This 

process was performed 16 times in total based on the number of students’ data in the 

dataset, which included a total of 42 observations that were predicted with RMSE.  
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A baseline model was constructed in order to predict a new student’s learning performance 

for each quiz, based on the mean learning performance of the other students (from the 

training dataset). Cross-validation parameters and values shown in Table 49 were then 

used for the XGBoost algorithm. The results for XGBoost showed that RMSE was 15.73 

(Mcv = 13.60, SDcv = 8.60), whilst for Robust LMM it was 15.26 (Mcv = 13.37, 

SDcv = 7.75).  

Table 57. Comparison of XGBoost, Robust LMM and Baseline for Learning Performance Prediction 

(One Person Leave Out) 

The Friedman test showed that a significant difference was found to exist between the 

models (χ2(2) = 8.143, p = .017) (see Table 57). Wilcoxon-Bonferroni post hoc tests 

showed that both XGBoost (RMSE = 15.73, MAE = 11.63, SD = 10.71) and Robust 

LMM (RMSE = 15.26, MAE = 11.52, SD = 10.14) significantly predicted learning 

performance more accurately than the baseline, according to the “mean” strategy 

(RMSE = 19.10, MAE = 16.60, SD = 9.56), p(XGBoost-Baseline) = .045 and 

p(RobustLMM-Baseline) = .000. However, no significant difference was found between 

XGBoost and Robust LMM, p(XGBoost-RobustLMM) = 1.000. 

Figure 14 shows the prediction results of the students. The predictions produced for the 

models showed slightly poorer learning performance scores when compared to the 

Random Split evaluation scheme. Both models predicted high learning performance 

scores with a high degree of accuracy; nevertheless, XGBoost was considered to be the 

more successful in predicting low scores, but less successful in predicting high scores 

when compared to Robust LMM in this evaluation scheme. Since the number of high 

scores was more than the number of low scores, Robust LMM was seen to have the better 

prediction ability. In addition, it is not easy to predict learning performance for students 

who had zero interaction or only a low number of backward click interactions. For 

example, P02, P03, P07, and also P11 did not perform backward click interactions when 

viewing the third video. As a result, calculating their learning performance was difficult 

since the number/percentage of backward clicks and their mean backward speed were all 

zero. 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

18.33 

17.79 

15.73 

15.26 

11.63 

11.52 

10.71 

10.14 

8.143 .017 

3 Baseline 42 22.26 19.10 16.60 9.56   
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Figure 14. Learning Performance Predictions (based on One Person Leave Out) for 42 Observations 

4.2.3.1.1.4 Comparing XGBoost and Robust LMM with Baseline (One Video Leave 

Out) 

This evaluation scheme aimed to measure the generalization capability of the models for 

predicting students’ quiz scores after having watched a new video by utilizing their 

previous video watching behaviors. The students’ video watching behaviors for two 

previous videos were therefore used for the training dataset, with one “new” video used 

for testing purposes. This process was performed three times, as one for each of the three 

video lectures, resulting in a total of 42 observations predicted with RMSE. The baseline 

models were constructed using the mean of the previous quiz scores for each student. 

Cross-validation was performed for XGBoost using the parameters and values presented 

in Table 49. The results for XGBoost showed that RMSE was 17.04 (Mcv = 16.57, 

SDcv = 3.92), whilst for Robust LMM it was 18.24 (Mcv = 17.82, SDcv = 4.09). The 
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comparative results presented in Table 58 show that the XGBoost model outperformed 

both the Robust LMM and baseline models.  

Table 58. Comparison of XGBoost, Robust LMM and Baseline for Learning Performance Prediction 

(One Video Leave Out) 

The Friedman test showed that a significant difference was found to exist between the 

models based on the One Video Leave Out test scenario (χ2(2) = 11.423, p = .003) (see 

Table 58). Wilcoxon-Bonferroni post hoc tests show that both the XGBoost 

(RMSE = 17.04, MAE = 11.99, SD = 12.25) and Robust LMM (RMSE = 18.24, 

MAE = 13.61, SD = 12.29) models significantly predicted students’ learning performance 

more accurately than the baseline model (RMSE = 23.85, MAE = 18.76, SD = 14.90), 

p(XGBoost-Baseline) = .006 and p(RobustLMM-Baseline) = .024. However, no 

significant difference was found between XGBoost and Robust LMM, p(XGBoost-

RobustLMM) = 1.000. 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

19.86 

21.26 

17.04 

18.24 

11.99 

13.61 

12.25 

12.29 

11.423 .003 

3 Baseline 42 27.79 23.85 18.76 14.90   
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Figure 15. Learning Performance Predictions (based on One Video Leave Out) for 42 Observations 

Figure 15 shows the individual prediction of the models based on the One Video Leave 

Out scenario. The success rate in this evaluation scheme was found to be lower than for 

both the Random Split and One Person Leave Out schemes. XGBoost and Robust LMM 

are both considered more successful when students receive high scores rather than low 

scores, as seen in the previous schemes. Correspondingly, it is not easy to predict the 

students’ learning performance based on the One Video Leave Out evaluation scheme 

when students receive learning performance scores far removed from the general 

tendency. For example, P07 and P11 both obtained a very low score in the quiz related to 

the third video, even though both XGBoost and Robust LMM predicted a lower error rate 

when compared to the baseline model. In addition, the number of student video lectures 

used within the construction of a model has an important effect on prediction success. 

Therefore, the success of the models based on the One Video Leave Out scenario would 

most probably increase if the number of videos was increased.  
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The results based on the three evaluation validation strategies (Random Split, One Person 

Leave Out, and One Video Leave Out) showed that both XGBoost and Robust LMM 

significantly predicted learning performance more accurately than the baseline model, 

which thereby confirmed Hypothesis 23. 

Since learning performance was found to be predicted significantly better than the baseline 

models in terms of the three evaluation strategies, there was no need to perform the second 

stage shown in Table 46. 

4.2.3.2. Satisfaction 

4.2.3.2.1 Satisfaction Prediction Based on Video Clickstream Behaviors (Stage 1) 

This subsection tests the following hypothesis: 

Hypothesis 24: XGBoost or Robust LMM can significantly predict satisfaction better than 

the baseline model with video clickstream behaviors in terms of three evaluation 

schemes. 

Null hypothesis: XGBoost or Robust LMM cannot significantly predict satisfaction better 

than the baseline model with video clickstream behaviors in terms of three evaluation 

schemes. 

4.2.3.2.1.1 Feature Selection 

The same steps were followed for feature selection as for learning performance prediction. 

While XGBoost includes three steps, Robust LMM includes two steps. 

4.2.3.2.1.1.1 Feature Selection for XGBoost 

Step 1: Parameter Tuning for XGBoost 

The same parameters were tuned in Table 49 for the prediction of student satisfaction. 

However, differently from learning performance prediction, the output from this step was 

satisfaction. 

Step 2: Feature Ranking with XGBoost 

For satisfaction, the features were ranked according to the mean feature importance rate 

in the five iterations using the XGBoost algorithm. 

  



97 

 

Table 59. Importance of Features with XGBoost for Satisfaction 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Mean Forward Speed 0.145 0.113 0.209 0.181 0.106 0.151 1 

Percentage of Pauses 0.117 0.134 0.155 0.148 0.165 0.144 2 

Number of Pauses 0.153 0.115 0.147 0.127 0.140 0.136 3 

Mean Backward Speed 0.132 0.159 0.108 0.079 0.169 0.129 4 

Number of Backwards  0.093 0.098 0.106 0.163 0.125 0.117 5 

Percentage of Forwards  0.107 0.159 0.089 0.147 0.056 0.112 6 

Number of Forwards 0.115 0.110 0.110 0.074 0.128 0.107 7 

Percentage of Backwards 0.139 0.112 0.075 0.081 0.111 0.104 8 

Step 3: Determining the Number of Features for XGBoost 

The optimum number for feature selection was determined according to RMSE and the 

model having the optimum number of features was then compared with the model having 

all features in order to show that using all features was not necessary. First, the features 

were added to the model one by one in according with their importance, and new RMSE 

values were calculated after adding each feature so as to find the number of features that 

had the lowest RMSE value. Then, Wilcoxon signed-rank rank test was performed in order 

to prove the feature selection. 

Table 60 shows that using the first three features (RMSE = 0.76, MAE = 0.64, SD = 0.42) 

produced better results (lower Mean Absolute Error value) than when all eight features 

were used (RMSE = 0.76, MAE = 0.66, SD = 0.44), Z = 498.500, p = .557, even though 

the results were not found to be statistically significant. This shows that adding more than 

three features did not improve the model and thereby confirms the feature selection. 

Table 60. Comparison of Three Features and Eight Features with XGBoost for Satisfaction 

No Model N (observations) RMSE MAE SD Z p 

1 Three-feature model 42 .76 .64 .42 498.500 .557 

2 Eight-feature model 42 .79 .66 .44   

As a result, the top three features were selected and reordered based on feature importance: 
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Table 61. Importance of Selected Features with XGBoost for Satisfaction 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Number of Pauses 0.340 0.357 0.410 0.369 0.361 0.368 1 

Percentage of Pauses 0.321 0.316 0.336 0.306 0.369 0.330 2 

Mean Forward Speed 0.339 0.326 0.253 0.325 0.270 0.303 3 

* VIF1 = 1.08, VIF2 = 1.21, VIF3 = 1.16 

4.2.3.2.1.1.2 Feature Selection for Robust LMM 

Step 1: Feature Ranking 

For the Robust LMM algorithm, the features were ranked according to their significance 

value in the model. Table 62 shows the significance of each feature according to its rank. 

Table 62. Significance of Features with Robust LMM for Satisfaction (Stage 1) 

Rank Variable Estimate SE t p 

0 Intercept 2.93 0.40 7.33 .00 

1 Mean Forward Speed -11.95 5.21 -2.29 .03 

2 Mean Backward Speed  -5.15 2.53 -2.04 .05 

3 Number of Backwards  -0.04 0.02 -1.88 .07 

4 Number of Pauses  0.02 0.01 1.81 .08 

5 Number of Forwards  0.02 0.03 0.66 .16 

6 Percentage of Pauses -0.72 0.50 -1.43 .29 

7 Percentage of Forwards 0.86 1.10 0.78 .44 

8 Percentage of Backwards 1.05 0.99 1.07 .52 
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Step 2: Determining the Number of Features for Robust LMM 

Table 63. Comparison of Three Features and Eight Features with Robust LMM for Satisfaction (Stage 1) 

No Model N (observations) RMSE MAE SD Z p 

1 Three-feature RLMM  42 0.77 0.61 0.48 597.5 .230 

2 Eight-feature RLMM  42 0.80 0.67 0.44   

The Wilcoxon signed-rank test showed that using three features (RMSE = 0.77, 

MAE = 0.61, SD = 0.48) provided better results (lower MAE) than when all eight features 

were used (RMSE = 0.80, MAE = 0.67, SD = 0.44), Z = 597.5, p = .230. As shown, there 

was no need to utilize all eight features since adding them did not improve the model. 

Therefore, this result also confirms the feature selection. 

Table 64 presents the fixed effects summary for the final Robust LMM model. 

Table 64. Fixed Effects of Final Robust LMM for Satisfaction (Stage 1) 

Rank Variable Estimate SE t p 

0 Intercept 2.76 0.17 15.79 .000 

1 Mean Forward Speed -5.46 2.71 -2.01 .05 

2 Mean Backward Speed -4.76 2.36 -2.02 .05 

* VIF1 = 1.00, VIF2 = 1.00 

4.2.3.2.1.2 Comparing XGBoost and Robust LMM with Baseline (Random Split) 

The Friedman test showed that no significant difference was found to exist between the 

models (χ2(2) = 3.854, p = .146) (see Table 65).  

Table 65. Comparison of XGBoost, Robust LMM and Baseline for Satisfaction Prediction (Random Split 

in Stage 1) 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

33.03 

30.57 

0.83 

0.77 

11.50 

11.27 

9.36 

10.19 

3.854 .146 

3 Baseline 42 31.16 0.79 15.51 9.48   
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The prediction details for satisfaction based on the Random Split evaluation scheme are 

illustrated in Figure 16. As can be seen, XGBoost predicted in a wider range than Robust 

LMM. However, Robust LMM predicted better than XGBoost. Nevertheless, it produced 

similar predictions with that of the baseline model. 

 

Figure 16. Satisfaction Predictions (based on Random Split) for 42 Observations in Stage 1 

4.2.3.2.1.3 Comparing XGBoost and Robust LMM with Baseline (One Person 

Leave Out) 

The Friedman test showed that no significant difference was found to exist between the 

models (χ2(2) = 0.190, p = .909) (see Table 66).  
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Table 66. Comparison of XGBoost, Robust LMM and Baseline for Satisfaction Prediction (One Person 

Leave Out in Stage 1) 

Figure 17 shows the predictions of the models for satisfaction based on the One Person 

Leave Out evaluation scheme. While the RMSE value for Robust LMM increased for this 

scheme, RMSE with XGBoost was shown to decrease. However, both produced RMSE 

values that were worse than the baseline model. 

 

Figure 17. Satisfaction Predictions (based on One Person Leave Out) for 42 Observations in Stage 1 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

31.85 

31.34 

0.80 

0.79 

0.67 

0.62 

0.44 

0.49 

0.190 .909 

3 Baseline 42 29.13 0.74 0.58 0.45   
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4.2.3.2.1.4 Comparing XGBoost and Robust LMM with Baseline (One Video Leave 

Out) 

The Friedman test showed that no significant difference was found to exist between the 

models (χ2(2) = 2.743, p = .254) (see Table 67).  

Table 67. Comparison of XGBoost, Robust LMM and Baseline for Satisfaction Prediction (One Video 

Leave Out in Stage 1) 

Figure 18 illustrates predictions of the models for satisfaction for each observation based 

on the One Video Leave Out evaluation scheme. The results for Robust LMM and 

XGBoost were found to be the worst among the three evaluation schemes. They predicted 

large differences compared to the baseline model in terms of RMSE value. Few 

observations were found to have been correctly predicted, and the predictions were far 

from the original values.  

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

36.04 

35.06 

0.91 

0.89 

0.79 

0.72 

0.52 

0.52 

2.743 .254 

3 Baseline 42 27.89 0.70 0.64 0.29   
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Figure 18. Satisfaction Predictions (based on One Video Leave Out) for 42 Observations in Stage 1 

The results based on the three evaluation validation strategies (Random Split, One Person 

Leave Out, and One Video Leave Out) showed that both XGBoost and Robust LMM did 

not significantly predict satisfaction more accurately than the baseline model, which 

rejects Hypothesis 24. 

4.2.3.2.2. Satisfaction Prediction Based on Video Clickstream Behaviors and Click 

Reasons (Stage 2) 

In the first stage, satisfaction could not be predicted by using only video clickstream 

behaviors. Therefore, satisfaction was predicted together with the video clickstream 

behaviors and click reasons in the second stage. As a result, this subsection tests the 

following hypothesis: 

Hypothesis 25: The selected algorithm can significantly predict satisfaction better than the 

baseline model together with video clickstream behaviors and click reasons in terms 

of three evaluation schemes.  
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Null hypothesis: The selected algorithm cannot significantly predict satisfaction better 

than the baseline model together with video clickstream behaviors and click reasons 

in terms of three evaluation schemes.  

4.2.3.2.2.1 Algorithm Selection for Stage 2 

Robust LMM performed better performance for the prediction of satisfaction in terms of 

the three evaluation schemes applied in Stage 1: 

1. Random Split:   RMSE(RLMM) < RMSE(XGBoost) 

2. One Person Leave Out:  RMSE(RLMM) < RMSE(XGBoost) 

3. One Video Leave Out:  RMSE(RLMM) < RMSE(XGBoost) 

Therefore, Robust LMM was selected for Stage 2. 

4.2.3.2.2.2 Feature Selection 

Step 1: Feature Ranking 

For the Robust LMM algorithm, the features were ranked according to their significance 

value in the model. Table 68 shows the significance of each feature according to its rank. 
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Table 68. Significance of Features with Robust LMM for Satisfaction (Stage 2) 

Rank Variable Estimate SE t p 

0 Intercept 4.18 0.34 12.40 .00 

1 Frequency of Wanting to Finish Quickly -0.39 0.08 -4.98 .00 

2 Number of Pauses 0.02 0.01 3.28 .00 

3 Frequency of Notetaking  -0.20 0.07 -2.86 .01 

4 Number of Backwards -0.04 0.01 -2.56 .02 

5 Mean Forward Speed -9.47 3.73 -2.54 .02 

6 Mean Backward Speed -3.90 1.68 -2.32 .03 

7 

Frequency of Going Back to Review 

Important Points 0.17 0.08 2.27 .03 

8 Frequency of Facing Language Issues -0.24 0.11 -2.09 .05 

9 Percentage of Pauses -0.50 0.32 -1.55 .14 

10 Percentage of Forwards 1.16 0.87 1.33 .20 

11 Percentage of Backwards 0.56 0.61 0.91 .37 

12 Frequency of Losing Concentration 0.08 0.13 0.65 .52 

13 Frequency of Skipping Unimportant Points 0.04 0.10 0.44 .66 

14 Number of Forwards 0.00 0.02 -0.09 .93 

15 Frequency of Not Understanding Content 0.01 0.13 0.08 .94 

Step 2: Determining the Number of Features for Robust LMM 

In the backward feature selection process, nine features were determined. This result was 

also compared with the model having all features by using Wilcoxon signed-rank test. The 

result showed that using nine features (RMSE = 0.46, MAE = 0.38, SD = 0.26) provided 

better results (lower MAE) than using all 15 features (RMSE = 0.63, MAE = 0.52, 

SD = 0.37), Z = 597.5, p = .230. There was no need to utilize all 15 features since adding 

the additional features did not improve the model. Therefore, this result also confirms the 

feature selection. 
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Table 69. Comparison of Nine Features and 15 Features with Robust LMM for Satisfaction (Stage 2) 

No Model N (observations) RMSE MAE SD Z p 

1 RLMM with nine features 42 0.46 0.38 0.26 659 .003 

2 RLMM with 15 features 42 0.63 0.52 0.37   

Table 70 presents the fixed effects summary of the final Robust LMM model for the 

prediction of students’ satisfaction. 

Table 70. Fixed Effects of Final Robust LMM for Satisfaction (Stage 2) 

Rank Variable Estimate SE t p 

0 Intercept 4.45 0.29 15.60 .00 

1 

Frequency of Wanting to Finish 

Quickly -0.37 0.06 -5.70 .00 

2 Number of Backwards  -0.03 0.01 -3.65 .00 

3 Number of Pauses 0.02 0.01 2.86 .01 

4 Frequency of Facing Language Issues  -0.20 0.08 -2.45 .02 

5 Mean Forward Speed -4.37 1.85 -2.37 .03 

6 Frequency of Notetaking  -0.15 0.06 -2.35 .03 

7 

Frequency of Going Back to Review 

Important Points 0.17 0.08 2.13 .04 

8 Mean Backward Speed -3.13 1.56 -2.00 .05 

9 Percentage of Pauses -0.59 0.30 -2.00 .06 

* VIF1 = 1.86, VIF2 = 2.20, VIF3 = 2.88, VIF4 = 2.25, VIF5 = 1.34, VIF6 = 2.11, VIF7 = 2.28, VIF8 = 1.08, 

VIF9 = 1.71 

4.2.3.2.2.3 Comparing Robust LMM with Baseline (Random Split) 

According to the Random Split evaluation scheme to predict satisfaction, Wilcoxon 

signed-rank test result showed that Robust LMM (RMSE = 0.46, MAE = 0.38, SD = 0.26) 

significantly predicted students’ satisfaction more accurately than the baseline model 

(RMSE = 0.79, MAE = 0.65, SD = 0.46), Z = 659, p = .009. 
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Table 71. Comparison of Robust LMM and Baseline for Satisfaction Prediction (Random Split in Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 18.36 0.46 0.38 0.26 659 .009 

2 Baseline 42 31.16 0.79 0.65 0.46   

Figure 19 shows the predictions for each observation based on the Random Split 

evaluation scheme using both video clickstream behaviors, with reasons as the input and 

students’ satisfaction as the output. Robust LMM was shown to perform with better 

predictions than the baseline. Especially, it predicted values far from the mean that were 

much better than the baseline. 

 

Figure 19. Satisfaction Predictions (based on Random Split) for 42 Observations in Stage 2 
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4.2.3.2.2.4 Comparing Robust LMM with Baseline (One Person Leave Out) 

According to One Person Leave Out evaluation scheme used to predict satisfaction, 

Wilcoxon signed-rank test result showed that Robust LMM (RMSE = 0.45, MAE = 0.39, 

SD = 0.22) significantly predicted students’ satisfaction more accurately than the baseline 

model (RMSE = 0.74, MAE = 0.58, SD = 0.45), Z = 614, p = .042. 

Table 72. Comparison of Robust LMM and Baseline for Satisfaction Prediction (One Person Leave Out in 

Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 17.66 0.45 0.39 0.22 614 .042 

2 Baseline 42 29.13 0.74 0.58 0.45   

Figure 20 shows the predictions for each observation based on the One Person Leave Out 

scheme, with both video clickstream behaviors and their reasons used to predict the 

students’ satisfaction. The predictions of Robust LMM in this scheme were found to be 

slightly better than those of the Random Split scheme. Robust LMM predicted the values 

of low satisfaction as low and the values of high satisfaction as high, even where it could 

not predict the exact value. 
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Figure 20. Satisfaction Predictions (based on One Person Leave Out) for 42 Observations in Stage 2 

4.2.3.2.2.5 Comparing Robust LMM with Baseline (One Video Leave Out) 

According to the One Video Leave Out evaluation scheme used to predict satisfaction, 

Wilcoxon signed-rank test result showed that Robust LMM (RMSE = 0.43, MAE = 0.37, 

SD = 0.22) significantly predicted students’ satisfaction more accurately than the baseline 

model (RMSE = 0.70, MAE = 0.64, SD = 0.29), Z = 739, p = .000. 

Table 73. Comparison of Robust LMM and Baseline for Satisfaction Prediction (One Video Leave Out in 

Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 17.07 0.43 0.37 0.22 739 .000 

2 Baseline 42 27.89 0.70 0.64 0.29   

Figure 21 shows the predictions for each observation based on the One Video Leave Out 

scheme, with both video clickstream behaviors and their reasons used to predict the 
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students’ satisfaction. The predictions of Robust LMM in this scheme were found to be 

the best among the three evaluation schemes. Robust LMM predicted the lowest 

satisfaction in this scheme better than the other schemes. For example, the predictions for 

P11 in Video Lecture 1, P10 and P11 in Video Lecture 2, and P02, P10, and P11 in Video 

Lecture 3 were all better when compared to the predictions in the One Person Leave Out 

scheme. 

 

Figure 21. Satisfaction Predictions (based on One Video Leave Out) for 42 Observations in Stage 2 

The results based on the three evaluation validation strategies (Random Split, One Person 

Leave Out, and One Video Leave Out) showed that by using both video clickstream 

behaviors and their reasons, the selected algorithm significantly predicted satisfaction 

more accurately than the baseline model, which confirms Hypothesis 25. 
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4.2.3.3. Engagement  

4.2.3.3.1 Engagement Prediction Based on Video Clickstream Behaviors (Stage 1) 

This subsection tests the following hypothesis: 

Hypothesis 26: XGBoost or Robust LMM can significantly predict engagement better 

than the baseline model with video clickstream behaviors in terms of three evaluation 

schemes.  

Null hypothesis: XGBoost or Robust LMM cannot significantly predict engagement better 

than the baseline model with video clickstream behaviors in terms of three evaluation 

schemes. 

4.2.3.3.1.1 Feature Selection 

The same steps were followed as for learning performance prediction in the feature 

selection for predicting engagement. While XGBoost includes three steps, Robust LMM 

includes two steps. 

4.2.3.3.1.1.1 Feature Selection for XGBoost 

Step 1: Parameter Tuning for XGBoost 

The same parameters were used as shown in Table 49 for the prediction of engagement.  

Step 2: Feature Ranking with XGBoost 

For engagement, the features were ranked according to their mean feature importance rate 

in the five iterations using the XGBoost algorithm.  
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Table 74. Importance of Features with XGBoost for Engagement 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Number of Pauses 0.185 0.099 0.112 0.163 0.156 0.143 1 

Mean Forward Speed 0.135 0.189 0.118 0.137 0.108 0.137 2 

Percentage of Pauses 0.132 0.114 0.133 0.156 0.106 0.128 3 

Number of Backwards  0.119 0.095 0.127 0.135 0.144 0.124 4 

Number of Forwards  0.102 0.129 0.127 0.134 0.106 0.120 5 

Mean Backward Speed 0.102 0.131 0.139 0.085 0.139 0.119 6 

Percentage of Backwards 0.098 0.121 0.112 0.104 0.139 0.115 7 

Percentage of Forwards 0.126 0.121 0.132 0.086 0.100 0.113 8 

Step 3: Determining the Number of Features for XGBoost 

The RMSE score was lowest when using the first two features to predict engagement with 

XGBoost. Therefore, the model having two features was then compared with the model 

that had all eight features by using Wilcoxon signed-rank test.  

Table 75 shows that using the first two features (RMSE = 1.292, MAE = 1.04, SD =0.77) 

gave better results (lower MAE) than when using all eight features (RMSE = 1.295, 

MAE = 1.02, SD = 0.81), Z = 417.5, p = .671, even though the results were not 

statistically significant. This shows that adding more than three features did not improve 

the model, which thereby confirms the feature selection. 

Table 75. Comparison of Two Features and Eight Features with XGBoost for Engagement 

No Model N (observations) RMSE MAE SD Z p 

1 Two-feature model 42 1.292 1.04 0.77 417.5 .671 

2 Eight-feature model 42 1.295 1.02 0.81   

As a result, the top two features were selected and reordered based on their feature 

importance: 
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Table 76. Importance of Selected Features with XGBoost for Engagement 

Feature Iteration 

1 

Iteration 

2 

Iteration 

3 

Iteration 

4 

Iteration 

5 

Mean Rank 

Number of Pauses 0.522 0.593 0.582 0.624 0.504 0.565 1 

Mean Forward Speed 0.478 0.407 0.418 0.376 0.496 0.435 2 

* VIF1 = 1.03, VIF2 = 1.03 

4.2.3.3.1.1.2 Feature Selection for Robust LMM 

Step 1: Feature Ranking 

For the Robust LMM algorithm, the features were ranked according to their significance 

value in the model. Table 77 shows the significance of each feature according to its rank. 

The aim of feature ranking for Robust LMM was to reveal the importance of all the 

features as part of the bigger picture. During the backward feature selection, the ranks of 

features may change among the remaining features; hence, why the final model did not 

include the first two variables (see Table 77) as they were eliminated during the backward 

feature selection process. 

Table 77. Significance of Features with Robust LMM for Engagement (Stage 1) 

Rank Variable Estimate SE t p 

0 Intercept 3.71 0.62 5.96 .00 

1 Number of Backwards  -0.08 0.04 -1.87 .07 

2 Percentage of Backwards  2.72 1.53 1.78 .09 

3 Mean Forward Speed -12.88 9.85 -1.31 .20 

4 Mean Backward Speed  -5.75 4.87 -1.18 .25 

5 Percentage of Pauses  -0.70 0.83 -0.84 .41 

6 Number of Pauses  0.01 0.02 0.82 .42 

7 Number of Forwards  0.03 0.06 0.44 .67 

8 Percentage of Forwards 0.87 2.29 0.38 .71 
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Step 2: Determining the Number of Features for Robust LMM 

In the backward feature selection process, one feature was selected for predicting 

engagement with video clickstream behaviors. This result was also compared with the 

model having all eight features by using Wilcoxon signed-rank test. The result showed 

that using one feature (RMSE = 1.22, MAE = 0.95, SD = 0.78) provided significantly 

better results (less MAE) than when using all eight features (RMSE = 1.48, MAE = 1.19, 

SD = 0.90), Z = 707, p = 001. This showed that using all eight features resulted in a worse 

RMSE value, which thereby confirms the feature selection. 

Table 78. Comparison of One Feature and Eight Features with Robust LMM for Engagement (Stage 1) 

No Model N (observations) RMSE MAE SD Z p 

1 RLMM with one feature 42 1.22 0.95 0.78 707 .001 

2 RLMM with eight features 42 1.48 1.19 0.90   

Table 79 presents the fixed effects summary of the final Robust LMM model for the 

prediction of student engagement. 

Table 79. Fixed Effects of Final Robust LMM for Engagement (Stage 1) 

Rank Variable Estimate SE t p 

0 Intercept 3.51 0.22 16.24 .000 

1 Mean Forward Speed -6.97 4.65 -2.01 -1.50 

4.2.3.3.1.2 Comparing XGBoost and Robust LMM with Baseline (Random Split) 

According to the Random Split evaluation scheme used to predict engagement with video 

clickstream behaviors, the Friedman test showed that a significant difference was found 

to exist between the models (χ2(2) = 14.619, p = .001) (see Table 80). Then, Wilcoxon-

Bonferroni post hoc tests were conducted for the purpose of pairwise comparison.  

The comparisons showed that Robust LMM (RMSE = 1.22, MAE = 0.95, SD = 0.78) 

significantly predicted engagement more accurately than XGBoost (RMSE = 1.29, 

MAE = 1.05, SD = 0.77), p(XGBoost-RobustLMM) = .03. However, neither Robust 

LMM nor XGBoost significantly predicted engagement more accurately than the baseline 

model (RMSE = 1.22, MAE = 0.97, SD = 0.76), p(XGBoost-Baseline) = .354 and 

p(RobustLMM-Baseline) = 1.000. 
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Table 80. Comparison of XGBoost, Robust LMM and Baseline for Engagement Prediction (Random Split 

in Stage 1) 

Figure 22 illustrates predictions for each observation based on the Random Split 

evaluation scheme, using only video clickstream behaviors as input and student 

engagement as its output. As can be seen, Robust LMM performed better predictions than 

XGBoost, while Robust LMM made almost the same predictions as the baseline model. 

However, the predictions including the baseline model were far away from the original 

values. 

 

Figure 22. Engagement Predictions (based on Random Split) for 42 Observations in Stage 1 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

37.92 

35.73 

1.29 

1.22 

1.05 

0.95 

0.77 

0.78 

14.619 .001 

3 Baseline 42 35.81 1.22 0.97 0.76   
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4.2.3.3.1.3 Comparing XGBoost and Robust LMM with Baseline (One Person 

Leave Out) 

According to One Person Leave Out evaluation scheme used to predict engagement with 

video clickstream behaviors, the Friedman test showed that a significant difference was 

found to exist between the models (χ2(2) = 8.333, p = .016) (see Table 81). Then, 

Wilcoxon-Bonferroni post hoc tests were conducted for the purpose of pairwise 

comparison.  

The comparisons showed that Robust LMM (RMSE = 1.27, MAE = 1.01, SD = 0.78) 

significantly predicted engagement more accurately than XGBoost (RMSE = 1.41, 

MAE = 1.15, SD = 0.82), p(XGBoost-RobustLMM) = .01. However, neither Robust 

LMM nor XGBoost significantly predicted engagement more accurately than the baseline 

model (RMSE = 1.12, MAE = 0.91, SD = 0.67), p(XGBoost-Baseline) = .06 and 

p(RobustLMM-Baseline) = 1.000 

Table 81. Comparison of XGBoost, Robust LMM, and Baseline for Engagement Prediction (One Person 

Leave Out in Stage 1) 

Figure 23 shows the predictions of the models for engagement for each observation based 

on the One Person Leave Out evaluation scheme. While RMSE for both Robust LMM 

and XGBoost increased in this scheme, RMSE decreased for the baseline model. Both 

predicted with lower accuracy than the baseline model, especially in the first and second 

video lectures. 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

41.31 

37.26 

1.41 

1.27 

1.15 

1.01 

0.82 

0.78 

8.333 .016 

3 Baseline 42 32.88 1.12 0.91 0.67   
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Figure 23. Engagement Predictions (based on One Person Leave Out) for 42 Observations in Stage 1 

4.2.3.3.1.4 Comparing XGBoost and Robust LMM with Baseline (One Video Leave 

Out) 

According to the One Person Leave Out evaluation scheme used to predict engagement 

with video clickstream behaviors, the Friedman test showed that no significant difference 

was found to exist between the models (χ2(2) = 1.000, p = .607) (see Table 82).  

Table 82. Comparison of XGBoost, Robust LMM and Baseline for Engagement Prediction (One Video 

Leave Out in Stage 1) 

No Model N (observations) %RMSE RMSE MAE SD Χ2 p 

1 

2 

XGBoost 

Robust LMM 

42 

42 

41.76  

41.69 

1.42 

1.42 

1.15 

1.16 

0.85 

0.84 

1.000 .607 

3 Baseline 42 37.40 1.28 1.04 0.75   
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Figure 24 shows the predictions of the models for engagement for each observation based 

on the One Video Leave Out evaluation scheme. The results for the models including the 

baseline model were the worst seen among the three evaluation schemes. The estimates 

differentiated greatly from the actual values for all of the models. 

 

Figure 24. Engagement Predictions (based on One Video Leave Out) for 42 Observations in Stage 1 

The results based on the three evaluation validation strategies (Random Split, One Person 

Leave Out, and One Video Leave Out) showed that both XGBoost and Robust LMM did 

not significantly predict engagement with video clickstream behaviors more accurately 

than the baseline model, which thereby rejects Hypothesis 26. 

4.2.3.3.2 Engagement Prediction Based on Video Clickstream Behaviors and Click 

Reasons (Stage 2) 

The first stage revealed that it was not possible to predict engagement using only video 

clickstream behaviors. Thus, click reasons were also added as input to the second stage. 

As a result, this subsection tests the following hypothesis: 
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Hypothesis 27: The selected algorithm can significantly predict engagement better than 

the baseline model together with video clickstream behaviors and click reasons in 

terms of three evaluation schemes.  

Null hypothesis: The selected algorithm cannot significantly predict engagement better 

than the baseline model together with video clickstream behaviors and click reasons 

in terms of three evaluation schemes.  

4.2.3.3.2.1 Algorithm Selection for Stage 2 

Robust LMM performed better for the prediction of engagement in terms of the three 

evaluation schemes in Stage 1: 

1. Random Split:   RMSE(RLMM) < RMSE(XGBoost) 

2. One Person Leave Out:  RMSE(RLMM) < RMSE(XGBoost) 

3. One Video Leave Out:  RMSE(RLMM) < RMSE(XGBoost) 

Therefore, Robust LMM was selected for Stage 2. 

4.2.3.3.2.2 Feature Selection 

Step 1: Feature Ranking 

For the Robust LMM algorithm, the features were ranked according to their significance 

value in the model. Table 83 shows the significance of each feature according to its rank. 
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Table 83. Significance of Features with Robust LMM for Engagement (Stage 2) 

Rank Variable Estimate SE t p 

0 Intercept 5.29 0.79 6.71 .00 

1 Frequency of Notetaking  -0.29 0.17 -1.77 .09 

2 Number of Backwards  -0.06 0.04 -1.61 .12 

3 

Frequency of Going Back to Review Important 

Points  0.27 0.19 1.41 .17 

4 Frequency of Wanting to Finish Quickly  -0.24 0.19 -1.31 .21 

5 Number of Pauses  0.02 0.02 1.18 .25 

6 Mean Forward Speed  -10.58 9.19 -1.15 .26 

7 Frequency of Skipping Unimportant Points  0.21 0.25 0.85 .40 

8 Frequency of Losing Concentration  -0.24 0.31 -0.78 .44 

9 Percentage of Backwards  0.99 1.42 0.70 .50 

10 Frequency of Not Understanding Content  -0.19 0.31 -0.61 .55 

11 Percentage of Pauses -0.37 0.74 -0.50 .62 

12 Number of Forwards  0.02 0.06 0.38 .71 

13 Frequency of Facing Language Issues  -0.10 0.28 -0.37 .71 

14 Mean Backward Speed -1.36 4.26 -0.32 .75 

15 Percentage of Forwards 0.45 2.24 0.20 .84 

Step 2: Determining the Number of Features for Robust LMM 

In the backward feature selection process, two features were determined for the predicting 

of engagement with both video clickstream behaviors and their reasons. This result was 

also compared with the model having all 15 features by using Wilcoxon signed-rank test.  

The result shows that using two features (RMSE = 1.03, MAE = 0.81, SD = 0.65) 

provided significantly better results (less MAE) than using all 15 features (RMSE = 1.51, 

MAE = 1.20, SD = 0.92), Z = 659, p = .009. Using all 15 features made the model worse; 

hence, this result also confirms the feature selection. 

Table 84. Comparison of Two Features and 15 features with Robust LMM for Engagement (Stage 2) 

No Model N (observations) RMSE MAE SD Z p 

1 RLMM with two features 42 1.03 0.81 0.65 659 .009 

2 RLMM with 15 features 42 1.51 1.20 0.92   
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Table 85 presents the fixed effects summary of the final Robust LMM model for the 

prediction of student engagement. 

Table 85. Fixed Effects of Final Robust LMM for Engagement (Stage 2) 

Rank Variable Estimate SE t p 

0 Intercept 5.17 0.43 11.98 .00 

1 Frequency of Losing Concentration -0.62 0.14 -4.45 .00 

2 Mean Forward Speed -8.04 3.43 -2.34 .02 

* VIF1 = 1.00, VIF2 = 1.00 

4.2.3.3.2.3 Comparing Robust LMM with Baseline (Random Split) 

According to the Random Split evaluation scheme used to predict engagement with both 

video clickstream behaviors and their reasons, Wilcoxon signed-rank test result showed 

that Robust LMM (RMSE = 1.03, MAE = 0.81, SD = 0.65) did not significantly predict 

student engagement more accurately than the baseline model (RMSE = 1.22, 

MAE = 0.97, SD = 0.76), Z = 603, p = .058. 

Table 86. Comparison of XGBoost, Robust LMM and Baseline for Engagement Prediction (Random Split 

in Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 30.26 1.03 0.81 0.65 603 .058 

2 Baseline 42 35.81 1.22 0.97 0.76   

Figure 25 shows the predictions for each observation based on the Random Split scheme 

with both video clickstream behaviors and their reasons to predict student engagement. 

The predictions of Robust LMM in this scheme were found to be considerably better than 

those for the Random Split scheme with only video clickstream behaviors. However, no 

significant difference was found between Robust LMM and the baseline model. 
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Figure 25. Engagement Predictions (based on Random Split) for 42 Observations in Stage 2 

4.2.3.3.2.4 Comparing Robust LMM with Baseline (One Person Leave Out) 

According to the One Person Leave Out evaluation scheme used to predict engagement 

with both video clickstream behaviors and their reasons, Wilcoxon signed-rank test result 

shows that Robust LMM (RMSE = 1.09, MAE = 0.86, SD = 0.67) did not significantly 

predict student engagement more accurately than the baseline model (RMSE = 1.12, 

MAE = 0.91, SD = 0.67), Z = 507, p = .488. 

Table 87. Comparison of XGBoost, Robust LMM and Baseline for Engagement Prediction (One Person 

Leave Out in Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 31.84 1.09 0.86 0.67 507 .488 

2 Baseline 42 32.88 1.12 0.91 0.67   
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Figure 26 shows predictions for each observation based on the One Person Leave Out 

scheme with both video clickstream behaviors and their reasons to predict student 

engagement. The predictions of Robust LMM in this scheme were found to be 

considerably better than those of the One Person Leave Out scheme with only video 

clickstream behaviors. However, no significant difference was found to exist between 

Robust LMM and the baseline model. 

 

Figure 26. Engagement Predictions (based on One Person Leave Out) for 42 Observations in Stage 2 

4.2.3.3.2.5 Comparing Robust LMM with Baseline (One Video Leave Out) 

According to the One Video Leave Out evaluation scheme used to predict engagement 

with both video clickstream behaviors and their reasons, the Wilcoxon signed-rank test 

result showed that Robust LMM (RMSE = 1.19, MAE = 0.95, SD = 0.72) did not 

significantly predict student engagement more accurately than the baseline model 

(RMSE = 1.28, MAE = 1.04, SD = 0.75), Z = 479, p = .731. 
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Table 88. Comparison of XGBoost, Robust LMM and Baseline for Engagement Prediction (One Video 

Leave Out in Stage 2) 

No Model N (observations) %RMSE RMSE MAE SD Z p 

1 Robust LMM  42 34.90 1.19 0.95 0.72 479 .731 

2 Baseline 42 37.40 1.28 1.04 0.75   

Figure 27 shows the predictions for each observation based on the One Video Leave Out 

scheme with both video clickstream behaviors and their reasons to predict student 

engagement. The predictions of Robust LMM in this scheme were found to be 

considerably better than those for the One Video Leave Out scheme with only video 

clickstream behaviors. However, no significant difference was found to exist between 

Robust LMM and the baseline model. 

 

Figure 27. Engagement Predictions (based on One Video Leave Out) for 42 Observations in Stage 2 
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The results based on the three evaluation validation strategies (Random Split, One Person 

Leave Out, and One Video Leave Out) showed that by using both video clickstream 

behaviors and their reasons, the selected algorithm did not significantly predict 

engagement more accurately than the baseline model, which thereby rejects 

Hypothesis 27. 
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Table 89. Summary of Prediction Findings 

No Hypothesis Random Split One Person 

Leave Out 

One Video 

Leave Out 

Accepted 

%RMSE p %RMSE p %RMSE p 

23 XGBoost (1) or Robust LMM (2) can significantly predict learning 

performance better than the baseline (3) model with “video clickstream 

behaviors” in terms of three evaluation schemes. 

(1) 17.20 

(2) 17.61 

(3) 21.12 

.002 (1) 18.33 

(2) 17.79 

(3) 22.26 

.017 (1) 19.86 

(2) 21.26 

(3) 27.79 

.003 YES 

24 XGBoost (1) or Robust LMM (2) can significantly predict satisfaction 

better than the baseline (3) model with “video clickstream behaviors” in 

terms of three evaluation schemes. 

(1) 33.03 

(2) 30.57 

(3) 31.16 

.146 (1) 31.85 

(2) 31.34 

(3) 29.13 

.909 (1) 36.04 

(2) 35.06 

(3) 27.89 

.254 NO 

25 The selected algorithm (Robust LMM) (1) can significantly predict 

satisfaction better than the baseline (2) model together with “video 

clickstream behaviors” and “click reasons” in terms of three evaluation 

schemes. 

(1) 18.36 

(2) 31.16 

.009 (1) 17.66 

(2) 29.13 

.042 (1) 17.07 

(2) 27.89 

.000 YES 

26 XGBoost (1) or Robust LMM (2) can significantly predict engagement 

better than the baseline (3) model with “video clickstream behaviors” in 

terms of three evaluation schemes. 

(1) 37.92 

(2) 35.73 

(3) 35.81 

.001 (1) 41.31 

(2) 37.26 

(3) 32.88 

.016 (1) 41.76 

(2) 41.69 

(3) 37.40 

.607 NO 

27 The selected algorithm (Robust LMM) (1) can significantly predict 

engagement better than the baseline (2) model together with “video 

clickstream behaviors” and “click reasons” in terms of three evaluation 

schemes. 

(1) 30.26 

(2) 35.81 

.058 (1) 31.84 

(2) 32.88 

.488 (1) 34.90 

(2) 37.40 

.731 NO 

*Quotation marks denote inputs, italics denote algorithms, bold denotes outputs. 

*Friedman test results shown for H23, H24, and H25. Multiple comparisons are detailed in Sections 4.2.3.1.1, 4.2.3.2.1, and 4.2.3.3.1. 

*Wilcoxon signed-rank test results are shown for H25 and H27.

1
2
6
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4.3 Threats to Validity 

Validity and reliability are important concepts to assuring the quality of research studies. 

As in every research, the current study also faces certain validity and reliability threats. 

Some actions and decisions were determined in order to deal with potential threats that 

may be encountered during or after the study, and the research was designed accordingly.  

There are three important types of validity to consider in this type of research: “construct 

validity,” “internal validity,” and “external validity.” 

Construct validity concerns how well a study measures what it intends to measure. In order 

to measure student satisfaction and engagement in the current study, validated scales were 

selected. For example, items in the Learner Satisfaction Scale (LSS) exactly and only 

measured satisfaction, whilst items in the Video Engagement Scale (VES) exactly and 

only measured engagement. A midterm exam applied during the first experiment (Pilot 

study) and six quizzes applied during the last experiment (main study) were both prepared 

and double-checked by the course instructor, who is also a subject-matter expert and has 

taught the same courses for 20 years. All of the quizzes were created as being of the same 

level of difficulty in order to answer the research questions during the third experiment. 

Each quiz included questions related only to the video lecture watched in the previous 

day. In addition, the interventions (or manipulations) form the interactive elements of the 

developed framework. For each video, the interventions were each evaluated in terms of 

their timing and content, and the results presented in Section 3.3.4.1, which demonstrated 

the use of appropriate interventions based on the developed framework. Moreover, 

numerous steps were employed in developing the framework. In accordance with the 

overall purpose, students’ opinions and that of an expert were also sought in the 

development of the framework, and also as a means of ensuring clarity and accuracy in 

the constructs of the framework. 

Internal validity ensures that changes to the dependent variable are due to manipulation of 

the independent variable. Here there may be two important threats to internal validity: 

prior knowledge and time. In order to deal with the effect of prior knowledge on the 

results, only students who were at the same grade level, from the same department, and 

who were taking the course for the first time were selected as the study’s participants. 

Since the research was based on a one group pretest-posttest design, each student used 

their same prior knowledge in the pretest-posttest. Time is another potential threat to 

internal validity because such studies are likely to be affected by the element of time. The 

measurements taken in this research were collected the day after the students had each 

watched the allocated videos in order to control the data collection environment, and also 

to ensure that the measurements were not affected by any other external element or 

influence. Therefore, the current study also measured the participant students’ retention 
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by way of measuring their learning performance. That is, the students’ retention was 

considered an integral element of learning performance in this research rather than as a 

manipulator, which demonstrated that time was not a threat posed to the internal validity 

of the research. 

External validity focuses on the generalizability of a study’s results. As previously 

mentioned in Chapter 3, all of the videos selected were approximately 30 minutes in 

duration. They were otherwise identical, albeit with six different verbalized topics. The 

results may therefore be considered generalizable for other video lectures of similar length 

and that also present verbalized topics. However, should the aim be to generalize the 

results to short videos or quantitative videos, additional research studies would be 

required. 

Reliability concentrates on the replicability of any research. A research protocol outlining 

the research design was also prepared in order to assure the repeatability of this research. 

In addition, only scales having high Cronbach’s alpha values were used. 
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CHAPTER 5 

 

CONCLUSION 

During this research, three different experimental studies were conducted in order to 

investigate students’ video clickstream behaviors, and also to develop a framework based 

on the behaviors observed. The first experiment was performed as a pilot study with 22 

students by using an existing video analytics tool to determine what is needed in a video 

analytic tool, to gain an idea about potential correlations between students’ video watching 

behaviors and their learning performance, and to identify improvements that could be 

applied in the subsequent experiment. The second experiment was performed with 29 

students using a more comprehensive video analytics tool to develop the framework. 

Finally, the third experiment was based on the one-group pretest-posttest design, and was 

conducted as the main study of the research. This main study was conducted with 18 

students in order to evaluate the developed framework and to examine the video 

clickstream behaviors of 16 students having more than one measure.  

Based on evaluating the framework, the results showed that the participant students’ 

satisfaction increased significantly when watching interactive videos that were created 

according to the framework when controlled for motivation. This finding also proves that 

motivation is an essential factor in student learning (Järvelä, 2001). Even where 

motivation was not controlled, in using the framework, linear videos could be made 

interactive without causing any decrease in learning performance. 

In addition, the students’ frequency to go back to review important points was found to 

decrease significantly in the interactive videos compared to the linear videos, while the 

students’ frequency to skip unimportant points increased significantly in the interactive 

videos. These findings revealed that the framework can be used as a means to decreasing 

students’ cognitive load. That is, students can access the same information through less 

effort.  

The study examined the effect of video clickstream behaviors on learning performance, 

and showed that the total number of interactions had a significant and positive relationship 

with the learning performance of the students. That is, the more a student performed 

clickstream interactions when viewing video lectures, the higher their learning 
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performance was found to be.  This is considered as important evidence of the need for 

learner-content interaction to be rated successful during online courses (Zimmerman, 

2012). The results also showed that a negative correlation exists between mean of 

backward speed and learning performance. It can be said, therefore, that clicking 

backward to some near point in the video being watched demonstrated students wanting 

to learn, whereas clicking backward to some more remote point in a video indicates that 

the student was not focused on learning.  

In order to see group differences, students’ video clickstream behaviors were clustered in 

three different ways; (1) click preferences, (2) number of clicks, and (3) click speed. 

Clusters were created independently in order to see the specific effect of each clustering 

input. Clustering based on click preferences revealed four types of groups; (1) Pauser, 

(2) Backwarder, (3) Forwarder, and (4) Player. Clustering based on numbers of clicks 

revealed two types of groups; (1) High Clicking and (2) Low Clicking. Clustering based 

on click speed revealed two types of groups; (1) Fast Watching and (2) Slow Watching. 

The clustering results showed that the students achieved greater learning performance 

when they exhibited: 

 high-clicking rather than low-clicking behavior, 

 backwarder rather than other behavior types, and 

 slow watching rather than fast watching behavior. 

The features were then examined so as to predict the students’ learning performance, 

satisfaction, and engagement in a two-stage investigation. The first stage included 

examining video clickstream behaviors, whereas the second stage considered the reasons 

behind the students’ video watching behaviors. Moreover, XGBoost and Robust Linear 

Mixed Model (RLMM) algorithms were used to compare the results against baseline 

models. The results were validated using three different evaluation schemes: Random 

Split, One Person Leave Out, and One Video Leave Out.  

From all three evaluation schemes, both XGBoost and RLMM were shown to more 

accurately predict the students’ learning performance from using their video clickstream 

behaviors when compared to the baseline model. On the other hand, RLMM predicted 

satisfaction more accurately than the baseline model together with video clickstream 

behaviors and their reasons in terms of three evaluation schemes.  

The most important indicators predicting learning performance were shown to be number 

of pauses, mean of backward speed, and number/percentage of backwards. These 

indicators are compatible with the findings reported in the literature, even though none of 

them have been clearly expressed for the prediction of learning performance in any single 

study. Lan et al. (2017) showed that the number of pauses and rewinds were among the 

features that contribute to students’ learning the most, which shows consistency with the 
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findings of the current study. Furthermore, Hasan et al. (2020) indicated that pausing 

videos many times or progressing slowly through videos increases the probability of 

successfully passing a course. Lu et al. (2018) found that the number of backwards clicks 

per week was also a relevant factor in predicting learning performance. This also justifies 

the findings in the current study. 

For predicting satisfaction, the most important indicators were frequency of wanting to 

finish quickly, number of backwards, number of pauses, frequency of facing language 

issues, mean of forward speed, frequency of notetaking, frequency of going back to review 

important points, mean of backward speed, and percentage of pauses. However, it was 

not found possible to predict engagement to a statistically significant level using video 

clickstream behaviors and their reasons.  

In addition, it may be speculated that students’ learning performance and satisfaction can 

be predicted with an error in the range of approximately 15 to 20 points (%RMSE) over a 

100-point range. As stated by Li et al. (2013), a 15-20% RMSE value is considered good 

in predicting students’ learning performance or satisfaction though examining video 

clickstream interactions. In other words, learning performance can be predicted to a high 

percentage of accuracy by using only video clickstream behaviors, and that satisfaction 

can be predicted by using both video clickstream behaviors and their reasons. However, 

information additional to just video clickstream behaviors and their reasons are needed in 

order to predict engagement. Hu and Li (2017) also emphasizes that it is not sufficient to 

assess learners’ engagement only from learners’ behaviors, thereby some qualitative data 

is needed to make predictions about engagement. 

In conclusion, the current research revealed important results in terms of both the 

framework and comprehensive learning analytics. The results related to the developed 

framework may be summarized as follows: The framework can decrease students’ 

cognitive load since it changes their behavior in terms of frequency of skipping 

unimportant points and frequency of going back to review important points in a video 

being viewed. The framework can therefore be used to help satisfy students viewing video 

lectures if their motivation is controlled. It can also be used for transforming linear videos 

into interactive videos. Moreover, the framework can help to establish a baseline for the 

building of smart and adaptable e-learning systems.  

In terms of comprehensive learning analytics, the study’s results may be summarized as 

follows; Students performing high clicking behavior, slow backward behavior, or 

preferring backwarder behavior realize higher learning performance results than those 

students performing low clicking behavior, fast forward behavior, or preferring other 

behavior types. In addition, the study showed that video clickstream behaviors are 

sufficient to predict the learning performance of students; however, the reasons behind the 

behaviors are also necessary to predict satisfaction in students in addition to the behaviors, 
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whilst yet more information is deemed necessary for engagement to be accurately 

predicted. 

5.1 Implications for Learning Design and Learning Experience Design 

Learning analytics utilize learners’ interactions in order to reveal and better understand 

their learning experiences (Hernández-Leo et al., 2019). Similarly, the term “learning 

experiences” encompasses learning interactions within a learning environment (Şahin, 

2018). In addition, learning design focuses upon being learner-centered in order to support 

learning experiences. Many studies have attempted to link learning design and learning 

analytics (Mangaroska & Giannakos, 2018; Toetenel & Rienties, 2016); however, the 

results published for video-based learning analytics have yet to be associated with learning 

design. Therefore, this section attempts to separately associate the findings of the current 

study with both Learning Experience Design (LXD) and Learning Design (LD). Both of 

these design approaches concentrate on the learner, but each uses different concepts even 

though both have been used interchangeably in numerous studies. 

First, design suggestions based on the results of the current study may be used to help 

increase the value of students’ learning experiences from watching educational videos and 

lectures. There are four important perspectives that a learning experience designer should 

focus upon: Goal Oriented, Human Oriented, Theory of Learning, Learning Put into 

Practice (Floor, 2019; Sousa & Martins, 2021). 

 Goal oriented:   to address a specific purpose. 

 Human oriented:  to focus on the learners’ needs and requests. 

 Theory of learning:  grounded upon proven scientific theory. 

 Learning put into practice: to enable learners to practice what they learn. 

Since the primary goal is to help students learn, video lectures should be designed in such 

a way that students perform behaviors that result in or lead to higher learning performance. 

Therefore, following some of the current study’s findings can be considered as expediting 

the design and production of goal-oriented videos: 

 Learning performance is higher for Backwarders rather than others. 

 Learning performance is higher with High Clicking rather than Low Clicking. 

 Learning performance is higher with Slow Watching rather than Fast Watching. 

In addition, the embedding of questions into video lectures can help improve learning, as 

well as the amount of time spent viewing video lectures (Vural, 2013). Embedded 

questions can also help contribute to a mental review or replay of video lectures in order 

to achieve a learning goal (Van der Meij & Bӧckmann, 2020). Therefore, in order to 

increase learners’ backwarder, high clicking, and slow watching behaviors, interactive 

questions (for high clicking) that provide students with stimuli to search for and 
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process information (for backwarder behavior) should be added/embedded 

periodically to video lectures (for slow watching). This approach can also help students 

in their aspirations to learn by enabling them to put into practice what they learn through 

interactive and inquisitive questioning. 

In order to provide human-oriented educational videos, motivational interventions 

should be increased or changed/enhanced since students mostly need to be actively 

motivated, and research results, such as seen in the current study, have shown the 

importance and positive effect of students’ motivation on their learning. Şahin (2018) also 

emphasized that motivational interventions can be performed as a result of learning 

experiences. 

Video lectures should be designed based on a proven theory of learning. Since the current 

study included results regarding students’ cognitive load, and many educators have 

emphasized the importance of cognitive load theory, the established theories of learning 

can be utilized to create more effective video lectures. Cognitive load theory focuses on 

four different practices: signaling, segmenting, weeding, and matching modality (Brame, 

2016). First, signaling refers to highlighting essential parts or cues in multimedia learning 

(Mayer, 2009). Placing text or images referring to important points when creating 

interactive videos is a part of signaling and the act of going back to review important 

points significantly decreases with interactive videos. Therefore, text or images should 

be added to important points in video lectures. Second, segmenting means the breaking 

down of multimedia into smaller units (Ibrahim et al., 2012). In terms of segmenting, 

video durations should be kept short or videos should be divided into smaller parts. 

When the duration of a video is kept appropriately short, students do not the need to watch 

the videos too quickly, which therefore can lead to more effective “slow watching” rather 

than “fast watching.” Third, weeding implies the removal of irrelevant parts (Mayer & 

Moreno, 2003), and is usually around the points from where students tend to skip 

forward and therefore should be summarized in order to decrease forwarder behavior 

(Özhan et al., 2019) or to decrease forward speed which is an important indicator for both 

student satisfaction and engagement. All of these are also consistent with Mayer (2014)’s 

cognitive theory on multimedia learning as they are about both video lectures and 

cognitive load. 

In addition to learning experience design, learning design activities should also be taken 

into account. Learning design consists of seven different activity types (Rienties & 

Toetenel, 2015): assessment, assimilative, communication, experiential, finding and 

handling information, interactive, and productive. Using in-video interventions when 

creating interactive videos helps contribute to the learning design, especially in terms of 

interactive, experiential, and assessment activities in video lectures. According to Holmes 

et al. (2019), students achieving the highest learning performance often belong to those 

having received the highest number of assessment activities and the lowest number of 
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assimilative activities (e.g., reading, watching, listening, etc.). This combination can be 

facilitated by increasing the number of assessment questions embedded into a video 

lecture, and/or decreasing its duration. In-video assessments also increase interactivity 

and formative assessment (Cummins et al., 2016). Therefore, using the framework 

developed in the current study together with the optimum number of questions in short 

instructional videos would likely have affected the study’s results. The study also showed 

that students have the highest satisfaction when the number of interactive activities is the 

highest, even though no statistically significant difference was found between the groups. 

Therefore, considering these points, the developed framework could be more effective in 

video lectures if the optimum conditions such as video duration and number of questions 

are met.  

In summary, an educator should consider the following recommendations when designing 

video lectures in order to maximize their students’ learning. As such, the following key 

highlights should be observed: 

 Keep video lectures as short as possible.  

 Increase in-video assessment activities. 

 Add text or images to the important points within video lectures. 

 Improve motivational interventions. 

 Employ interactive questioning in video lectures that provide learners with the 

opportunity to periodically search for and process information. 

 If previous recommendations made about a video are unavailable, at least 

summarize the points where students tend to skip forward.  

5.2 Limitations and Future Work 

Even though the current study provides valuable insights into a framework based on the 

video clickstream behaviors of students, and also presents clusters, predictors, and 

correlations related with video clickstream behaviors, it does present certain limitations 

as a piece of research. 

First, the study included only a small number of participants. One of the most important 

reasons for this was that three different experimental studies with repeated measures were 

performed, which therefore took up considerable time for each participant. With a limited 

number of available participants, the sample could not have been assigned to two different 

groups, such as with a control group and an experimental group. Therefore, a quasi-

experimental study was conducted as the main study (Experiment 3) with a pretest-

posttest design. Second, different tools were used for the linear and interactive videos due 



135 

 

to technical limitations. Therefore, the students’ video viewing behaviors based on 

clickstream interactions were not tracked in the case of the three interactive videos.  

As a future piece of work, experimental studies on different courses are planned in order 

to generalize the framework for different course types, and thereby to observe and assess 

their differences. The developed framework may also help to address and diminish the 

achievement gap between groups of students; therefore, further research is also planned 

that will aim to measure the effect of the framework on any achievement gap between 

students.  
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APPENDICES 

APPENDIX A 

BOX PLOTS FOR VIDEO LECTURES 

 

 

Figure A1. Box Plot for Backward Count per Minute  
(obtained from 27 students watching video lecture about Skinner; 32:40 minutes) 
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Figure A2. Box Plot for Forward Count per Minute  
(obtained from 27 Students watching video lecture about Skinner; 32:40 minutes) 

 

 

 
 

Figure A3. Box Plot for Pause Count per Minute  
(obtained from 27 students watching video lecture about Skinner; 32:40 minutes) 
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Figure A4. Box Plot for Backward Count per Minute  
(obtained from 25 students watching video lecture about Piaget; 27:06 minutes) 

 

 

 
 

Figure A5. Box Plot for Forward Count per Minute  
(obtained from 25 students watching video lecture about Piaget; 27:06 minutes) 
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Figure A6. Box Plot for Pause Count per Minute  
(obtained from 25 students watching video lecture about Piaget; 27:06 minutes) 

 

 

 
 

Figure A7. Box Plot for Backward Count per Minute  
(obtained from 25 students watching video lecture about Vygotsky; 26:13 minutes) 
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Figure A8. Box Plot for Forward Count per Minute  
(obtained from 25 students watching video lecture about Vygotsky; 26:13 minutes) 

 

 

 
 

Figure A9. Box Plot for Pause Count per Minute  
(obtained from 25 students watching video lecture about Vygotsky; 26:13 minutes)  
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APPENDIX B 

LINE GRAPHS FOR VIDEO LECTURE 1 

 

 

 

Figure B1. Line Graphs for Backward, Forward and Pause Counts per Second 
(obtained from 27 students watching video lecture about Skinner; 32:40 minutes) 
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LINE GRAPHS FOR VIDEO LECTURE 2 

 

 

 

Figure B2. Line Graphs for Backward, Forward and Pause Counts per Second 
(obtained from 25 students watching video lecture about Piaget; 27:06 minutes)  
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LINE GRAPHS FOR VIDEO LECTURE 3 

 

 

 

Figure B3. Line Graphs for Backward, Forward and Pause Counts per Second 
(obtained from 25 students watching video lecture about Vygotsky; 26:13 minutes)  
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APPENDIX C 

EXAMPLE WATCHING BEHAVIOR GRAPHS SHOWN TO STUDENTS DURING INTERVIEW 

 

 

Figure C1. Example of User’s Backward Graph 

 

Figure C2. Example of User’s Pause Graph 
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Figure C3. Example of User’s Forward Graph 
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APPENDIX D 

ETHICAL FORM 
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APPENDIX E 

SCALES 

The Situational Motivation Scale (Guay et al., 2000) 

 

Learner Satisfaction Scale (Donkor, 2011) 
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Video Engagement Scale (Visser et al., 2016) 
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APPENDIX F 

Click Reasons Questionnaire (Created from Framework) 
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APPENDIX G 

EXAMPLE INTERVENTIONS 

 

Figure G1. Intervention 1 

 

Figure G2. Intervention 2 

 

Figure G3. Intervention 3 
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Figure G4. Intervention 4 

 

Figure G5. Intervention 5 

 

Figure G6. Intervention 6 
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Figure G7. Intervention 7 
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APPENDIX H 

DENDROGRAM USING AVERAGE LINKAGE BETWEEN GROUPS FOR 

HIERARCHICAL CLUSTERING 

 

* Clustering based on percentage of pauses, forwards, backwards was performed by 

analyzing the dendrogram (see Section 4.2.2.2). 
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APPENDIX I 

CROSS VALIDATION RESULTS FOR LEARNING PERFORMANCE 

PREDICTION 

Table Ia. Random Split (Stage 1 RMSE Values) 

Split XGBoost Robust LMM Baseline 

1 14.76 14.70 18.10 

2 13.83 9.98 11.41 

3 16.40 20.46 24.81 

4 16.49 15.03 18.58 

5 11.95 14.12 15.75 

Mean 14.69 14.86 17.73 

Table Ib. One Person Leave Out (Stage 1 RMSE Values) 

Person XGBoost Robust LMM Baseline 

1 10.05 11.12 12.33 

2 17.01 24.72 27.38 

3 29.64 19.17 11.13 

4 4.20 6.36 16.66 

5 8.56 7.21 16.85 

6 0.36 3.08 15.54 

7 23.72 24.70 25.23 

8 5.91 4.91 16.66 

9 19.73 15.96 13.58 

10 12.04 14.15 20.52 

11 27.09 23.04 26.23 

12 6.27 4.50 9.64 

13 16.85 7.44 15.54 

14 4.90 8.10 19.92 

15 13.85 22.71 27.71 

16 17.44 16.80 13.82 

Mean 13.60 13.37 18.04 

Table Ic. One Video Leave Out (Stage 1 RMSE Values) 

Video XGBoost Robust LMM Baseline 

1 14.51 17.76 21.23 

2 14.10 13.81 21.51 

3 21.08 21.98 27.74 

Mean 16.57 17.82 23.59 
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APPENDIX J 

CROSS VALIDATION RESULTS FOR SATISFACTION PREDICTION 

Table Ja. Random Split (Stage 1 RMSE Values) 

Split XGBoost Robust LMM Baseline 

1 0.91 0.89 0.95 

2 0.83 0.83 0.88 

3 0.81 0.63 0.61 

4 0.86 0.93 0.85 

5 0.74 0.46 0.50 

Mean 0.83 0.75 0.76 

Table Jb. One Person Leave Out (Stage 1 RMSE Values) 

Person XGBoost Robust LMM Baseline 

1 0.75 0.60 0.38 

2 0.85 0.96 0.90 

3 0.64 0.60 0.32 

4 0.54 0.35 0.36 

5 0.30 0.76 1.21 

6 0.49 0.62 0.29 

7 0.89 0.46 0.55 

8 1.07 0.81 0.90 

9 0.18 0.79 0.44 

10 0.68 0.89 1.01 

11 1.30 1.55 1.32 

12 0.81 0.66 0.37 

13 1.02 0.46 0.49 

14 1.05 1.28 1.24 

15 0.45 0.37 0.05 

16 0.63 0.39 0.30 

Mean 0.73 0.72 0.63 

Table Jc. One Video Leave Out (Stage 1 RMSE Values) 

Video XGBoost Robust LMM Baseline 

1 0.82 0.76 0.72 

2 1.04 1.01 0.81 

3 0.85 0.86 0.56 

Mean 0.90 0.88 0.70 
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Table Jd. Random Split (Stage 2 RMSE Values) 

Split Robust LMM Baseline 

1 0.41 0.95 

2 0.53 0.88 

3 0.41 0.61 

4 0.50 0.85 

5 0.45 0.50 

Mean 0.46 0.76 

Table Je. One Person Leave Out (Stage 2 RMSE Values) 

Person Robust LMM Baseline 

1 0.45 0.38 

2 0.21 0.90 

3 0.31 0.32 

4 0.20 0.36 

5 0.29 1.21 

6 0.48 0.29 

7 0.48 0.55 

8 0.30 0.90 

9 0.75 0.44 

10 0.55 1.01 

11 0.34 1.32 

12 0.56 0.37 

13 0.58 0.49 

14 0.55 1.24 

15 0.37 0.05 

16 0.39 0.30 

Mean 0.43 0.63 

Table Jf. One Video Leave Out (Stage 2 RMSE Values) 

Video Robust LMM Baseline 

1 0.40 0.72 

2 0.42 0.81 

3 0.46 0.56 

Mean 0.43 0.70 
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APPENDIX K 

CROSS VALIDATION RESULTS FOR ENGAGEMENT PREDICTION 

Table Ka. Random Split (Stage 1 RMSE Values) 

Split XGBoost Robust LMM Baseline 

1 1.18 1.50 1.30 

2 1.55 1.42 1.44 

3 0.99 0.89 1.11 

4 1.40 1.17 1.19 

5 1.24 0.91 0.97 

Mean 1.27 1.18 1.20 

Table Kb. One Person Leave Out (Stage 1 RMSE Values) 

Person XGBoost Robust LMM Baseline 

1 1.52 1.11 0.72 

2 1.39 1.42 0.88 

3 1.61 1.99 0.84 

4 1.15 0.71 0.79 

5 0.56 0.20 0.39 

6 1.21 1.08 0.80 

7 0.64 0.65 1.04 

8 1.20 1.01 0.76 

9 0.47 0.25 0.77 

10 1.26 1.21 1.22 

11 2.18 2.25 2.28 

12 1.13 0.91 0.26 

13 2.16 1.61 1.30 

14 1.78 1.65 1.89 

15 1.53 1.33 0.92 

16 0.79 0.71 0.52 

Mean 1.29 1.13 0.96 

Table Kc. One Video Leave Out (Stage 1 RMSE Values) 

Video XGBoost Robust LMM Baseline 

1 1.76 1.69 1.54 

2 1.18 1.21 1.17 

3 1.30 1.34 1.11 

Mean 1.41 1.41 1.27 
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Table Kd. Random Split (Stage 2 RMSE Values) 

Split Robust LMM Baseline 

1 1.15 1.30 

2 1.04 1.44 

3 0.93 1.11 

4 1.20 1.19 

5 0.75 0.97 

Mean 1.02 1.20 

Table Ke. One Person Leave Out (Stage 2 RMSE Values) 

Person Robust LMM Baseline 

1 0.93 0.72 

2 0.58 0.88 

3 1.44 0.84 

4 0.20 0.79 

5 1.37 0.39 

6 1.15 0.80 

7 0.51 1.04 

8 0.81 0.76 

9 0.20 0.77 

10 1.07 1.22 

11 1.36 2.28 

12 1.82 0.26 

13 1.33 1.30 

14 1.30 1.89 

15 1.27 0.92 

16 0.74 0.52 

Mean 1.01 0.96 

Table Kf. One Video Leave Out (Stage 2 RMSE Values) 

Video Robust LMM Baseline 

1 1.46 1.54 

2 0.85 1.17 

3 1.19 1.11 

Mean 1.17 1.27 
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