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ABSTRACT 

The COVID-19 pandemic has resulted in school closures all across the world, and lots of students have shifted from 

conventional classrooms to online learning. With the help of ICT technologies nowadays, learning online can be more 

effective in a number of ways. However, most of the online learning environments without instructors’ attention may 

result in different learning patterns compared to the traditional face-to-face classroom. In this paper, we aimed at 

detecting the slide reading behaviors of the students by analyzing operational event logs from a digital textbook reader 

for a lecture offered in our university. We compared reading patterns between traditional face-to-face lectures and hybrid 

online lectures, our results show that online lectures lead to more off-task behaviors. Our analysis provides a rich 

understanding of e-book reading and informs design implications for online learning during the pandemic. The findings 

can also be used to improve the instruction designs and learning strategies.  
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1. INTRODUCTION 

The COVID-19 pandemic has changed education in many aspects. It has resulted in school closures all across 

the world and students are forced to learn out of the classroom. As a result, education has changed 

dramatically, with the distinctive rise of e-learning, whereby teaching is undertaken remotely and on digital 

platforms. Even before COVID-19, there existed substantial infrastructure for online education in many 

countries. However, no university was ready for a complete shift to online education. Many universities are 

now delivering course content through various platforms and professors are using online educational 

platforms, videoconferencing software, and social media to teach their courses (Patricia, 2020; Chakraborty 

et al, 2020; Bao, 2020). Online educational platforms, like Google Classroom (Iftakhar, 2016) and Moodle 

(Costa et al, 2012), allow professors to share notes and multimedia resources related to their courses with 

students. The online educational platforms also allow students to turn in their assignments and professors to 

keep track of the progress of the students. Videoconferencing tools, like Google Meet, Zoom, and Microsoft 

Teams, help in organizing online lectures and discussion sessions. Some universities are also disseminating 

course material through their websites and their own learning management system. While some believe that 

the unplanned and rapid move to online learning will result in a poor user experience that is unconducive to 

sustained growth, others believe that a new hybrid model of education will emerge, with significant benefits. 

The success of MOOCs shows evidence that learning online can be more effective in a number of ways. This 

is mostly due to the students being able to learn at their own pace, going back and re-reading, skipping, or 

accelerating through concepts as they choose. 

Nevertheless, others argue that homeschooling and online learning are difficult for the students because a 

structured environment is missing and they are more easily distracted. With regard to traditional face-to-face 

classrooms, online learning environments that without instructors’ attention may lead to more off-task 

behaviors. Off-task behaviors can be defined as any actions that a student exhibit in the learning environment 

that is not according to the tasks given by the lecturer. Off-task behavior is a common problem that online 

classrooms often face. For example, without instructors’ attention, devices like computers, mobiles, tablets, 

etc. can be a reason for distraction because students may play games, use other applications, and browse the 
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internet. Engaging with off-task behaviors has also been shown to be associated with poor learning (Baker,  

et al, 2004; Cocea et al, 2009).  

Not only different from the traditional face-to-face classroom but also the fully time-free MOOC course, 

understanding how students learn in such a new hybrid model is still a challenge for researchers. Besides, 

students are using different study approaches to achieve a specific learning task. Understanding these 

approaches is important for designing further interventions. 

In this paper, we aimed at investigating student reading patterns by using students’ reading logs that were 

collected from a digital textbook reader and compared their reading patterns in traditional face-to-face 

lectures and hybrid online lectures. Our analysis provides a rich understanding of e-book reading and informs 

design implications for future e-learning and e-book systems in the age of online learning. The findings can 

also be used to improve the instruction designs and learning strategies. In addition, by analyzing the different 

reading patterns of students, interventions can be designed to help off-task students. 

2. RELATED WORK 

Analyzing learning patterns is important for a better understanding of learners’ behaviors and experience, 

which can help researchers facilitate the design of learning systems, materials, or activities (Sutcliffe et al, 

2016). With the increasing use of digital learning materials in higher education, the accumulated operational 

log data provide opportunities to analyzing how students learn with e-books. 

Many researchers focus on studying user reading patterns and their implications from the log data 

recorded when learners interact with e-book systems to better understand how students read and what they 

need when reading learning materials. Oi et al. (2015) reported their analysis results of preview and review 

patterns in undergraduates' e-book logs. Ma et al. (2020) conducted a study to understand the page-flip 

behavior of students, their results show that students have different page-flip preferences. Shimada et al. 

(2016) conducted a study based on non-negative matrix factorization and identified five kinds of browsing 

patterns. Taniguchi et al. (2019) found that highlighters marked by the users on e-textbooks are useful and 

they provide highlighter recommendations on e-textbooks to help students with better learning. Cheng and 

Tsai (2014) collected video-recorded data, and used clustering to analyze “Book reading action patterns.” 

Akçapinar et al. (2020) explored students’ study approaches and identified three groups of students who have 

different study approaches, including deep, strategic, and surface. In their study, the relationship between 

students’ reading behaviors and their academic performance is also investigated by using association rule 

mining analysis. Yin et al. (2019)  grouped students were into four clusters using k-means clustering, and 

their learning behavioral patterns were analyzed.  

Based on user behavior analysis, some researchers also find strong correlations between user behaviors 

and student performance. Brinton et al. (2015) use clickstream data and learner behaviors to predict student 

performance in a MOOC platform. Okubo et al. (2017) propose a method for predicting final grades of 

students by a Recurrent Neural Network (RNN) from the log data stored in the educational systems. In 

addition, Crossley et al. (2016) use click-stream data with NLP tools to predict MOOC completion. Goda et 

al. (2015) collected data from an e-learning system and used statistical methods to analyze the “Learning 

pace patterns” of the learners and their relationship to learning outcomes. Seven distinct types of learning 

behavior were identified, including procrastination, learning habit, random, diminished drive, early bird, 

chevron, and catch-up. Their results imply that regulated learning could increase learning effectiveness and 

lead to better learning outcomes.  

While existing works provide access to learning log data, they are either aimed at MOOCs or traditional 

classroom settings, which may differ from the online lecture settings during the pandemic situation. Our 

analysis focuses on a hybrid online lecture setting, where the instructor gives the course by a 

videoconferencing tool, and students using an e-book system to read learning materials. Also, we want to 

compare reading patterns between traditional face-to-face lectures and online lectures. 
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3. METHOD 

3.1 Dataset 

The data used in this study were reading logs collected during a 90-minute-long data science course. The 

instructors and each student used BookRoll (Ogata et al, 2017) (the e-book system in our university) to 

access teaching slides from a web browser on their personal devices (computer, smartphone, etc.). Other 

learning activities, such as assignments, quizzes, forum discussions, and so on, were mainly conducted on a 

Moodle course page. The course lasts for 2 weeks and every lecture has 2 learning materials (teaching 

slides). Each teaching slide will be used for 45 minutes. In addition, at the end of each lecture, students took 

part in the quiz related to content. The course was offered to mostly first-year undergraduate university 

students. In 2019, this course was conducted in a traditional face-to-face classroom. A total of 225 students 

(mostly freshmen) attended the course in 2019. However, due to the Covid-19 situation, this course was 

conducted fully online via online meeting software (Zoom) in 2020, the students use BookRoll to access 

teaching slides at home, keep their microphones muted and cameras off, and listen to the instructor online.  

A total of 225 students (mostly freshmen) attended the course in 2020. Note that even one is face-to-face and 

the other is online lecture, the instructors and course contents are all the same in 2019 and 2020. 

Figure 1 is the screenshot of BookRoll interface, the basic operation is to flip the page. Students can click 

the previous button to move to the previous page, and click the next button to move to the subsequent page, 

they also could use a slider to change pages. Besides that, there are features like bookmark, marker, memo 

annotating, search, etc. that students can use for learning. All click-stream were recorded in a database that is 

related to students’ interaction with BookRoll. The collected click-stream data contained the following fields. 

user_id: anonymized student user id. operation_name: the action that was done, e.g. open, close, next, 

previous, jump, add markers, add bookmarks, etc.). page_no: (the current page where the action was 

performed), marker: (the reason for the marker added to a page, e.g. important, difficult), role: (the role of the 

user, including student and teacher), device_code (the type of device used to view BookRoll, e.g. mobile, pc), 

and operation_date: (the timestamp of when the operation occurred). Table 1 is the description of our dataset. 

 

 

Figure 1. The screenshot of BookRoll interface 
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Table 1. Description of the Event Stream Dataset 

Year  Week Category Type Number 

 

 

 

 

2019 

 

 

 

 

Week 1 

 

 

Student Total Student # 175 

Lecture Lecture Time 90 min 

Operation event 
Total Event # (Slide A) 45,141 

Total Event # (Slide B) 31,710 

 

Week 2 

 

Student Total Student # 164 

Lecture Lecture Time 90 min 

Operation event 
Total Event # (Slide A) 39,815 

Total Event # (Slide B) 26,846 

 

 

 

 

2020 

 

 

 

 

 

Week 1 

 

Student Total Student # 147 

Lecture Lecture Time 90 min 

Operation event 
Total Event # (Slide A) 14,030 

Total Event # (Slide B) 9,656 

 

Week 2 

 

Student Total Student # 103 

Lecture Lecture Time 90 min 

Operation event 
Total Event # (Slide A) 12,629 

Total Event # (Slide B) 12,833 

3.2 Data Preprocess  

For the analysis, we used operation_date (the timestamp of when the operation occurred), page_no  

(the current page where the action was performed), and role (the role of the user, including student and 

teacher) columns. First, we grouped the data into 1-minute intervals, then we extracted the pages for all the 

users, including the instructor and each student. If a user does not have a log for the specific time interval, we 

assumed that she/he is on the same page where she/he was in the last time. As a result, we got a time-page 

table for both the instructor and students. 

After transforming students’ click-stream data into the time-page data, we first calculated all students’ 

reading patterns and relative reading patterns by taking the instructor’s reading pattern as a baseline. Next,  

k-means cluster analysis was used to group students with similar reading patterns. For cluster analysis, we try 

to group students with similar reading patterns in each teaching slide. The optimal number of clusters is 

decided based on the elbow method. The details and results will be described in the next section. 

4. RESULTS 

We visualized all students’ reading patterns. Visualizations can be seen in Figure 2. The left is one of the 

online lectures in 2020 and the right is one of the face-to-face lectures in 2019. The X-axis shows the time, 

Y-axis shows the page of the books. The intersection of the Time and Page shows the current page of the 

student at a specific time. Each red line shows the reading patterns of the different students, and the blue line 

shows the reading patterns of the instructor. As shown in the figure, no matter face-to-face or online lecture, 

most students’ reading pattern is to follow the instructor as we expected, that is, the number of pages 

increases as time progresses. However, we also observed that there are some students who have different 

reading patterns. 

Enlighted by Akçapınar et al. (2019), we calculated the relative reading patterns of all students to have a 

better understanding of student reading patterns. To do this we took the instructor’s reading pattern as a 

baseline since the expected reading behavior of students is to follow the instructor during the lecture. The 

relative reading pattern will be calculated based on the distance of the student’s reading pattern and the 

instructor’s reading pattern. For instance, if a student is on page 20 while the instructor is on page 23, then 

the student’s relative distance will be -3. If a student is on page 26, then the relative distance will be +3. And 

if the student is on page 23 (same page as the instructor), it will be 0.  
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The results of this calculation are shown in Fig.3. The left is one of the online lectures in 2020 and the 

right is one of the face-to-face lectures in 2019. The X-axis shows the time of the lecture, while Y-axis shows 

the student's relative distance from the page where the instructor is currently in. As shown in the figure, both 

in face-to-face lecture and online lecture, there are some students' reading patterns were ahead of the teacher, 

some of them tried to follow the teacher, and some were behind of the teacher. 

After calculating students’ relative distances from the instructor’s pattern, we conducted cluster analysis 

using k-means method to find and compare the common reading patterns in two different learning 

environments. 

 

 

Figure 2. Students’ reading patterns across the lecture. Left: 2020 (online lecture). Right: 2019 (face-to-face lecture) 

 

Figure 3. Students’ relative reading patterns across the lecture. Left: 2020 (online lecture). Right: 2019 (face-to-face 

lecture) 

4.1 Clustering Result 

In order to identify the optimal number of clusters, we have performed the elbow method (Bholowalia et al, 

2014) and the number of clusters is set to 4 based on the results. To see the common reading patterns of the 

students in these clusters, we visualized cluster means as well. Results can be seen in Figure 4. The left is one 

of the online lectures in 2020 and the right is one of the face-to-face lectures in 2019. The X-axis shows the 

time of the lecture, while Y-axis shows the cluster means of student's relative distance from the page where 

the instructor is currently in. From Figure 4, we found four similar patterns both for face-to-face lecture and 

online lecture. It can be seen that students in cluster 1 (C1) reading the slide even faster than the instructor, 

while students in cluster 2 (C2) are following the instructor from the beginning until the end of the lecture. In 

contrast to cluster 2, students in cluster 4 (C4) could be labeled as Off-Task students since they no longer 

follow the instructor after 15 minutes from the beginning of class. In addition, the relative distance is 

increased until the end of the course. More interesting thing is that students of cluster 3 (C3), seem to try to 

catch up with the instructor, and their relative distance is increased first and then decreased.  
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Figure 4. Students’ relative reading patterns based on cluster results.  Left: 2020 (online lecture). Right: 2019  

(face-to-face lecture) 

Table 2. Clustering results for 2020 (online lecture) 

Category C1 C2 C3 C4 

Week 1 (Slide A) 2% 3% 7% 88% 

Week 1 (Slide B) 17% 2% 5% 76% 

Week 2 (Slide A) 14% 7% 3% 76% 

Week 2 (Slide B) 7% 10% 4% 79% 

Table 3. Clustering results for 2019 (face-to-face lecture) 

Category C1  C2 C3 C4 

Week 1 (Slide A) 20% 31% 5% 44% 

Week 1 (Slide B) 23% 43% 5% 29% 

Week 2 (Slide A) 21% 23% 4% 54% 

Week 2 (Slide B) 26% 24% 14% 36% 

 

The percentage of students in each cluster is shown in Table 2 and Table 3. The results in Table 2 

highlighted that most of the students had difficulty follow the instructor during the online lectures, more than 

76% of students (C4) could not follow the instructor after the first fifteen-minute of the lecture. Only a few 

students (C2) could follow the instructor all the way during the class. One possible reason could be that a 

structured environment is missing and they are more easily distracted without the attention of the instructor. 

The results in Table 3 also show that many students (C4) could not follow the instructor after the first  

fifteen-minute of face-to-face lectures, however, the percentage of students is lower compared to online 

lectures. Besides, the percentage of students in C2 is much higher than in online lectures, which hints that 

students could follow the instructor more easily in face-to-face lectures. Our results show that online format 

has a significant negative impact on students’ persistence in sticking with courses, such an environment that 

without instructors’ attention leads to more off-task behaviors compared to the traditional face-to-face 

classroom. 

4.2 Student Academic Performance 

As mentioned before, students took the quiz (full marks=10) at the end of each lecture. We compared the 

quiz performance of the students in different clusters. Results are shown in Table 4 and Table 5. Since the 

data were not normally distributed, we used the Mann-Whitney test to compare every two groups. We can 

see that both for face-to-face lectures and online lectures, students of cluster 2 (C2) get a significantly higher 

score compared to other clusters, while students of cluster 4 (C4) get a significantly lower score. It is not 

surprising that students who follow the instructor’s reading pattern are more engaging and focusing on the 

class, and students who give up following the instructor are much easier get distracted during the class and 

thus receive a low score. However, although leads to more off-task behaviors, our analysis results showed no 

significant difference in student performance between online and face-to-face students. 
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Table 4. Clustering results of students’ read pattern records for 2020 (online lecture) 

Week Category C1 C2 C3 C4 

Week1 Average Score (SD) 6.09(2.65) 6.61(2.55) 5.23(1.81) 5.02(1.97) 

Week2 Average Score (SD) 5.16(2.89) 5.33(1.39) 4.42(2.58) 3.89(2.68) 

Table 5. Clustering results of students’ read pattern records for 2019 (face-to-face lecture) 

Week Category C1 C2 C3 C4 

Week1 Average Score (SD) 5.73(1.11) 5.91(0.31) 5.51(0.71) 5.18(1.78) 

Week2 Average Score (SD) 4.91(1.72) 5.54(1.61) 4.45(1.51) 3.91(1.41) 

5. CONCLUSION 

This research aims to tackle the reading patterns of students while using the e-book system to seek a better 

understanding of how students read and learn in online lectures and traditional face-to-face lectures. Through 

the analytics of e-book event stream data, we first calculated all students’ reading patterns and relative 

reading patterns by taking the instructor’s reading pattern as a baseline. Next, we conducted a cluster analysis 

to find the common reading patterns of students. Finally, we compared the quiz performance of the students 

in different clusters.  

The experiment found that both in online and face-to-face lectures there are four reading patterns of 

students. The results highlighted that online format has a significant negative impact on students’ persistence 

in sticking with courses, such an environment that without instructors’ attention leads to more off-task 

behaviors compared to the traditional face-to-face classroom. Only a few students could follow the instructor 

all the way during the online lecture. In terms of quiz performance, students follow the instructor received 

higher score and students show off-task behaviors are associated with poor performance. 

Our analysis provides an understanding of e-book reading and informs design implications for learning in 

the age of online learning. The findings can also be used to improve the instruction designs and learning 

strategies. In addition, by analyzing the different reading patterns of students, interventions can be designed 

to help off-task students in online lectures, such as provide early warning settings.  

This study has some limitations. First, the sample size is relatively small, which limits the generalizability 

of the obtained results. Second, while our analysis methods identified e-book reading patterns, we cannot 

make a strong claim that these clusters are accurately representing students’ real intent as reading patterns 

might depend on other pedagogical methods such as problem sets, discussion, presentation quality, and 

storyline. Further validation with additional data is required. For future work, we plan to analyze more 

courses and data streams to analyze the differences in the reading patterns between traditional face-to-face 

classes and such hybrid online lectures and explore different learning environment’s effects on student 

behavior and learning outcome. 
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