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ABSTRACT: Precision education is now recognized as a new challenge of applying artificial intelligence, 

machine learning, and learning analytics to improve both learning performance and teaching quality. To promote 

precision education, digital learning platforms have been widely used to collect educational records of students’ 

behavior, performance, and other types of interaction. On the other hand, the increasing volume of students’ 

learning behavioral data in virtual learning environments provides opportunities for mining data on these 

students’ learning patterns. Accordingly, identifying students’ online learning patterns on various digital learning 

platforms has drawn the interest of the learning analytics and educational data mining research communities. In 

this study, the authors applied data analytics methods to examine the learning patterns of students using an ebook 

system for one semester in an undergraduate course. The authors used a clustering approach to identify 

subgroups of students with different learning patterns. Several subgroups were identified, and the students’ 

learning patterns in each subgroup were determined accordingly. In addition, the association between these 

students’ learning patterns and their learning outcomes from the course was investigated. The findings of this 

study provide educators opportunities to predict students’ learning outcomes by analyzing their online learning 

behaviors and providing timely intervention for improving their learning experience, which achieves one of the 

goals of learning analytics as part of precision education. 
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1. Introduction 
 

Precision education (Yang, 2019) has been recognized as a new challenge of applying artificial intelligence, 

machine learning, and learning analytics to improve both learning performance and teaching quality. To 

facilitate precision education, digital learning platforms have been reported to play an important role to collect 

the educational records of student’s online and offline learning behaviors, performances, and other types of 

interactions (Maldonado-Mahauad et al., 2018). Utilizing the increasing volume of education data collected from 

various digital learning platforms, Siemens and Long (2011) identified two areas, educational data mining 

(EDM) and learning analytics (LA), which enable the integration and investigation of big data capabilities in 

education. Consequently, analyzing students’ online learning behavior and identifying subgroups of students 

with certain learning patterns on various digital learning platforms have drawn considerable attention from the 

LA and EDM research communities. 

 

LA has been identified as a conceptual framework for the analysis of student behavior and includes the 

prediction of students’ learning performance, the process development of education data analysis (Hwang, Chu 

& Yin, 2017), data collection, and timely interventions (Hwang, 2014). One of the goals of LA as a part of 

precision education has been indicated to the prediction of students’ learning outcomes from the course by 

analyzing their behaviors of online learning and providing timely intervention for improvement of their learning 

experience (Lu et al., 2018). LA approaches typically rely on educational data collected from users’ interactions 

with information and communication technologies, such as Learning Management System (LMS) or social 

media (Gašević et al., 2016). The relevant literature has indicated that the development of education technologies 

that utilize education data gathered from learners has enabled various LA approaches to be used to help students 

succeed in various educational contexts (Wong, 2017; Kumar & Kumar, 2018). The analytics results will not 

only increase benefits for educators and learners but also present considerable potential for optimizing 

institutional processes (Colvin et al., 2015). Data mining techniques are commonly applied to identify patterns 

among students based on education data (Baker & Inventado, 2014). The interpretation of these identified 

patterns provides insight into learning and teaching processes, predicts students’ learning outcomes from the 

course, suggests supportive interventions, and facilitates decision-making on resource allocation (Gašević et al., 

2016). LA and EDM constitute a well-established framework that utilizes certain methods for successively 

gathering, processing, reporting, and acting on machine-readable data from learners to advance the educational 
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environment (Papamitsiou & Economides, 2014) and demonstrate considerable potential for understanding and 

optimizing the learning process (Baker & Inventado, 2014). 

 

However, without a series of data analytics methods for the identification of subgroups of students and their 

learning patterns using LA and EDM approaches, it has been demonstrated in previous studies that students have 

difficulty with accurately identifying and describing how they studied and what strategies they applied to 

previous learning activities (Zhou & Winne, 2012). Furthermore, the relevant literature indicates that students 

often fail to adjust the learning strategies they previously adopted to better address changing learning situations 

(Lust, Elen & Clarebout, 2013). Consequently, students tend to employ suboptimal learning strategies (Winne & 

Jamieson-Noel, 2003) when encountering unfamiliar learning situations. 

 

To better understand how students learn and behave in these learning environments, in this study, the authors 

applied data analytic methods using the LA and EDM approaches to identify subgroups of students with various 

learning patterns utilizing an ebook system. The aim of the study was to explore student learning while an ebook 

system was used for both teaching and learning support. A clustering approach was employed to identify 

subgroups of students with different patterns of ebook learning behavior. Moreover, a statistical analysis was 

performed to investigate the associations between the identified subgroups of students and their learning 

outcomes from the course. Accordingly, the authors aimed to answer the following research questions: 

 

RQ1: How many subgroups of students with different patterns of learning can be identified when they utilize an 

ebook system? 

 

RQ2: What is the association between these subgroups of students and their learning outcomes from the course 

when learning with an ebook system? 

 

 

2. Literature review 
 

2.1. LA and EDM 

 

Higher education has seen rapid development with the integration of the internet and various web-based 

technologies. With the rapid development and use of digital learning platforms, such as OpenCourseWare 

(OCW) and massive open online courses (MOOCs), education has experienced substantial growth in the volume 

of data derived from students’ interactions with technology and their personal and academic profiles (Ferguson, 

2012). The data collected from various learning activities have been used to develop predictive models of user 

behavior with increasing frequency in areas such as marketing, financial markets, sports, and health. Given the 

richness of the data that are collected in various educational settings, a growing number of educational 

institutions has been applying LA and EDM to support learners’ strategic planning and decision-making (Chen 

et al., 2020). In recent years, many postsecondary educational institutions have started utilizing the data from 

learning activities they designed for their courses, combining LA approaches with data mining algorithms to 

better understand students’ learning processes and their successes during the course (Pardo, Han & Ellis, 2016). 

 

The uses of LA and EDM can provide potentially useful information from large volumes of unstructured data 

(Chen et al., 2020). The application of LA and EDM can promote and improve the design of online learning 

platforms, learning materials, and activities to ensure greater educational effectiveness and optimize learning 

environments (Greller & Drachsler, 2012). The obtained analysis results provide opportunities for course 

instructors and students to examine and adjust their strategies of teaching and learning, respectively. 

Consequently, with the constant adoption of new strategies, new education data will continuously be generated, 

leading to new analysis results for course instructors and students (Hwang, Chu & Yin, 2017). 

 

The data collected from various digital learning platforms are now being utilized within various supportive 

environments. Student behavior modeling has received considerable attention in the field of EDM (Papamitsiou 

& Economides, 2014). Regarding LA and EDM approaches, the clustering and classification of education data 

seem to be the techniques most frequently used to measure and interpret student online learning behaviors when 

they are interacting with a digital learning platform. For example, Krumm et al. (2014) proposed an early 

warning system to detect at-risk students who might fail a course using students’ learning data gathered through 

their interactions with various digital learning platforms. Hu, Lo and Shih (2014) developed an early warning 

system using a decision tree classifier. Corrin & De Barba (2015) propose a reporting system that presents 

visualized information to support students and instructors by reflecting on students’ learning processes during a 

given period. Romero et al. (2013) used a sequential minimal optimization classification approach and students’ 
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learning behavioral data before a midterm exam to achieve the highest accuracy for predicting students’ final 

learning performance.  

 

The analysis of education data promotes the prediction of academic performance, the implementation of LA, and 

the identification and improvement of students’ behavioral patterns and performance. These research fields focus 

on students and emphasize the role of contemporary technologies in improving their learning experience and 

performance (Chen et al., 2020). Nevertheless, most related researchers have extracted data from OCW, 

MOOCs, or LMS; very few have investigated students’ learning behavioral data from ebook systems in 

particular. 

 

 

2.2. Identification of students’ learning patterns 

 

Although applying digital learning platforms to support teaching has become common in institutions of higher 

education, it is still difficult for most stakeholders using these digital platforms in their classes to effectively and 

precisely follow how students actually interact with the given online learning materials, how they behave under a 

given learning activity, or how they adjust their learning behavioral patterns when engaging in certain learning 

activities. One of the emerging issues in the research fields of LA and EDM has been pointed to finding 

appropriate methods of extracting meaning from the education data (Chen et al., 2020). Most digital learning 

platforms do not automatically include the advanced tools required for applying LA or EDM approaches, and 

stakeholders have indicated that utilizing these tools is too complex as they have features that are well beyond 

the scope of what teachers require (Romero et al., 2016). Therefore, the need to employ new LA and EDM 

approaches and develop the corresponding tools for stakeholders to simply observe the behaviors and interaction 

patterns of students conducting certain online learning activities has been raised as a critical issue (Juhaňák, 

Zounek & Rohlíková, 2019). Recently, many studies have proposed different combinations of analytics methods 

that can be adopted to explore students’ learning patterns using LA and EDM techniques in various educational 

settings. 

 

Yang et al. (2019) applied the k-means clustering technique to explore the learning patterns of 1,326 

undergraduate students, utilizing eight learning features that were extracted from the students’ interactions with 

an ebook system. In the study, five subgroups of students are identified based on the eight online learning 

features. The differences between the subgroups in terms of their learning behaviors and learning outcomes were 

reported. 

 

Similarly, in the context of using an ebook system for learning support, Yin et al. (2019) apply LA and EDM 

approaches in an undergraduate course to discover how learning patterns differ across 98 students taking online 

courses using an ebook system. In their study, based on the results of the k-means clustering technique, four 

learning patterns were identified, representing the four patterns of learning with the ebook system. The authors 

named the patterns according to groups as follows: “preview and diligent group,” “diligent group,” “efficient 

group,” and “poor performance group.” Moreover, the differences between the identified learning patterns of the 

students in terms of their learning outcomes and the distribution of each learning variable were investigated and 

discussed. Finally, the correlation between students’ online learning variables and their learning outcomes are 

presented. 

 

In correlating the education data with the students’ self-reported data and learning patterns, Maldonado-Mahauad 

et al. (2018) present a bottom-up approach that mines students’ behavioral patterns (process mining and 

clustering) using the traditional top–down approach that utilizes the validated self-reported measurement (a self-

regulated learning questionnaire). In their study, three learning patterns were identified from the sequential 

behaviors of 3,458 online learners based on their interactions with a MOOC lecture: “sampling learners,” 

“comprehensive learners,” and “targeting learners.” Furthermore, their study investigated the differences 

between the identified learning patterns of students in terms of their self-regulated learning (SRL) profiles and 

the learning outcomes of the lecture. 

 

Compared with the literature discussed herein, the current study focused on identifying the subgroups of students 

with different learning patterns when learning using an ebook system in an undergraduate course. Moreover, the 

association between the identified subgroups of students with different patterns of learning and their learning 

outcomes from the course when learning with an ebook system were explored and discussed. 
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3. Study context and data collection 
 

3.1. Context of the exploratory study and participants 

 

The data used in the present study were collected from an undergraduate course called Accounting Information 

Systems taught at a university. A total of 113 undergraduate students enrolled in the course. These students were 

from the Department of Accounting. To support the instructor and students, an ebook system called BookRoll 

developed by Ogata et al. (2015), was used. Students enrolled in this course were allowed to study the learning 

material using the BookRoll system at any time. Students’ online learning logs, created while interacting with 

BookRoll, were tracked and recorded in a database. 

 

 
Figure 1. An example of the user interface of BookRoll. 

 

Table 1. Example of the BookRoll learning behavioral data collected in this study 

User_ID Content_ID Operation_Name Operation_Date 

15910 

15910 

15923 

15926 

ed645f3821e 

ed645f3821e 

ed645f3821e 

ed645f3821e 

OPEN 

ADD MEMO 

OPEN 

OPEN 

2019/3/3 10:03:52 

2019/3/3 10:04:32 

2019/3/3 10:07:03 

2019/3/3 11:27:14 

15926 ed645f3821e NEXT 2019/3/3 11:27:20 

 

Table 2. Number of occurrences of each BookRoll learning behavior 

Learning behavioral data Number of occurrences 

OPEN 

NEXT 

PREV 

ADD MARKER 

2,029 

35,988 

10,167 

9,125 

ADD MEMO 7,284 

ADD BOOKMARK 1,429 

DELETE MARKER 659 

DELETE MEMO 749 

DELETE BOOKMARK 101 

CLOSE 1,375 

Total 68,906 

 

An example of the user interface of BookRoll is displayed in Figure 1. An example of the students’ learning logs 

collected in BookRoll is presented in Table 1. BookRoll allows users to browse the digital learning materials at 

any time and place after they are uploaded. Several functions are available such as page turning, marker drawing, 

memo taking, and page jumping. Data on the students’ learning behaviors while using BookRoll are stored on its 

internal database. For the present study, students enrolled in the course were encouraged to use BookRoll to 

freely browse the digital learning material during various periods of learning, including in-class learning and out-
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of-class learning. The descriptions of the functions of BookRoll are detailed in Ogata et al. (2015). For this 

study, 68,906 ebook learning logs from 113 undergraduate students were collected using BookRoll, and the 

number of occurrences of each BookRoll learning behavior is given in Table 2. 

 

 

3.2. Indicators 

 

In this study, several indicators were extracted to measure the students’ learning behaviors based on their uses of 

the ebook system BookRoll as well as their learning outcomes from the course. The collected learning behavioral 

data from a total of 113 undergraduate students using BookRoll is described in Table 3. Moreover, a final exam 

was conducted to measure the students’ learning outcomes from the course. The final exam scores were 

determined by the course instructor at the end of the course. The collection and analysis of the indicators used to 

measure the students’ ebook learning behaviors and their learning outcomes are detailed as follows. Indicators of 

learning behavior and learning outcomes from the course: 

 

• Backtrack reading rate (BRR): Students’ BRR has been proven to positively correlate with their learning 

outcomes from the course (Yin et al., 2019). In this study, to analyze the students’ BRR, the learning 

behavioral data NEXT and PREV were used together to measure the BRR for the course materials 

throughout the course. BRR was defined as the total number of times the student reviewed the previous page 

divided by the total number of times the student advanced to the next page throughout the course (# of 

PREV /# of NEXT). For example, a BRR value of 0.5 would correspond to a case where a student reviewed 

the previous page 50 times and advanced to the next page 100 times in one lecture throughout the course. 

• Reading time (RT): The students’ RT spent has been proven in the relevant literature to positively correlate 

with their learning outcomes and can be used to effectively identify subgroups of students learning with an 

ebook system (Yin et al., 2019; Yang et al., 2019). In this study, to analyze the students’ RT over an hour, 

time-stamp data was collected and summed up to measure students’ RT with ebook learning materials 

throughout the course. 

• Adding annotation (AN): It is suggested that the use of annotations can facilitate students’ learning activities 

during the course by providing support through directing attention and building both internal and external 

connections (Du, 2004). Accordingly, Yeh and Lo (2009) demonstrate a positive correlation between the use 

of annotations and students’ academic performance, as the students who learned with an online annotation 

system that allowed them to add and delete online annotations achieved better academic performance in the 

course than students who did not. In this study, in order to analyze the students’ behaviors in terms of AN, 

the total volume of learning behavioral data, ADD MARKER, ADD MEMO, and ADD BOOKMARK, was 

summed together to measure the students’ behaviors in AN related to the ebook learning materials 

throughout the course. 

• Deleting annotation (D-AN): Yeh and Lo (2009) demonstrated a positive correlation between the tendency 

to delete annotations and students’ academic performance in a course that was part of the same experiment 

as the AN study. In the present study, to analyze the students’ behaviors in terms of D-AN, the total volume 

of learning behavioral data, DELETE MARKER, DELETE MEMO, and DELETE BOOKMARK, was 

summed together to measure the students’ behaviors in D-AN on the ebook learning materials throughout 

the course. 

• Learning outcome (LO): In school education, students’ learning outcomes in the course or academic 

performances have been reported to strongly correlate with their learning engagement (Yang et al., 2020). 

The students’ scores in the final exam issued by the course instructor were recorded at the end of the 

experiment. The exam comprised 40 multiple-choice items, with a perfect score of 100. Moreover, the 

Kuder-Richardson Formula 20 value was 0.61, showing acceptable internal consistency of the final exam 

(Cortina, 1993). 

 

Table 3. Description of the collected learning behavioral data from BookRoll 

Learning behavioral data Description of the learning behavioral data 

ADD MARKER 

ADD MEMO 

ADD BOOKMARK 

DELETE MARKER 

DELETE MEMO 

DELETE BOOKMARK 

Students added a marker on the ebook learning material 

Students added a memo to the ebook learning material 

Students added a bookmark to the ebook learning material 

Students deleted a marker on the ebook learning material 

Students deleted a memo from the ebook learning material 

Students deleted a bookmark from the ebook learning material 

NEXT Students advanced to the next page of the ebook learning material 

PREV Students returned to the previous page of the ebook learning material 
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3.3. Clustering analysis 

 

To analyze the ebook learning logs collected from 113 undergraduate students in the present study, we followed 

the analysis procedure illustrated in Figure 2. After collecting the students’ learning behavioral data and 

extracting the indicators of learning behavior, the authors first addressed the common scale of the dataset values. 

All the learning behavioral data were previously normalized to a value in the range of [0, 1] by min-max 

normalization for further clustering analysis. Nevertheless, raw data (before data normalization) were used when 

presenting the analysis results detailed in the following sections. 

 

 
Figure 2. Analysis procedure 

 

Next, to better understand how many subgroups of students with different learning patterns when learning with 

BookRoll can be identified using the four indicators of learning behavior as well as the distribution of each 

learning behavior between those subgroups, an agglomerative hierarchical clustering method based on Ward’s 

method was applied. This clustering technique is recommended for identifying student subgroups in a given 

online learning context (Kovanović et al., 2015). The result of the cluster dendrogram displayed in Figure 3 led 

to the selection of three subgroups of students as the best options in this study. Thus, the students were 

categorized into three subgroups, which were labeled as Comprehensive learning group (CLG), Reflective 

learning group (RLG), and Selective learning group (SLG), based on the distribution of the four indicators of 

learning behavior. 

 

 
Figure 3. Dendrogram plot of clustering 
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4. Results 
 

4.1. Analysis of the four indicators of learning behavior between the identified subgroups of students 

 

After the agglomerative hierarchical clustering method was applied, the Kruskal–Wallis test was conducted to 

compare the identified subgroups of students in terms of the four indicators of learning behavior because the 

values did not have homogeneity of variance assumptions, which is required for a parametric test. Moreover, a 

nonparametric post-hoc test was performed using the Mann–Whitney U test to verify whether the difference 

between each pair of subgroups of students was statistically significant. The Kruskal-Wallis and Mann-Whitney 

tests have been evident with the statistical performances when the scale of data is nonparametric as well as the 

possibility to be applied for data analytic approaches in other face-to-face and on-line courses (Ahammed & 

Smith, 2019). The increasing applications of Kruskal-Wallis and Mann-Whitney U tests were identified in 

several research fields such as engineering applications, medicine, biology, psychology, and education 

(Ostertagová, Ostertag & Kováč, 2014). 

 

According to the results listed in Table 4, significant differences were observed between the three identified 

subgroups of students in terms of BRR (H = 76.87, p < .001), RT (H = 66.27, p < .001), AN (H = 73.04, p < 

.001), and D-AN (H = 23.81, p < .001). The three identified subgroups of students are recorded as follows: 

 

Table 4. Kruskal–Wallis test and post-hoc test (Mann–Whitney U) results of the learning behaviors between the 

(a) CLG, (b) RLG, and (c) SLG subgroup: median (25th percentile, 75th percentile) 

 CLG (n = 35) (a) RLG (n = 36) (b) SLG (n = 42) (c) H Post-hoc test 

(Mann-Whitney U) 

BRR 0.26 (0.17, 0.33) 0.61 (0.53, 0.72) 0.11 (0.05, 0.22) 76.87*** a > c, b > a, b > c 

RT 39.67 (27.61, 58.95) 14.52 (13.11, 15.29) 14.24 (12.56, 20.53) 66.27*** a > b, a > c 

AN 61.5 (47.45, 75.5) 16 (11.75, 24.25) 24 (13.25, 56.75) 73.04*** a > b, a > c, c > b 

D-AN 13 (4, 20.5) 4 (0.75, 5.75) 2 (1, 4) 23.81*** a > b, a > c, b > c 

Note. ***p < .001. 

 

Comprehensive learning group (CLG): Students in this subgroup were categorized as CLG students (N = 35; 

30.97% of the students) as the students in this subgroup exhibited the highest values for most of the indicators of 

learning behavior, representing a comprehensive way of learning as identified in Maldonado-Mahauad et al. 

(2018). For the BRR, CLG students exhibited higher BRR values (median = 0.26, 25th percentile = 0.17, 75th 

percentile = 0.33) compared with Selective learning group (SLG) students (median = 0.11, 25th percentile = 

0.05, 75th percentile = 0.22). This implies that CLG students were more engaged in terms of BRR than SLG 

students at a statistically significant level. For RT, CLG students exhibited higher RT values (median = 39.67, 

25th percentile = 27.61, 75th percentile = 58.95) compared with the Reflective learning group (RLG) students 

(median = 14.52, 25th percentile = 13.11, 75th percentile = 15.29) and SLG students (median = 14.24, 25th 

percentile = 12.56, 75th percentile = 20.53). This implies that CLG students spent more RT on learning the 

ebook learning materials than RLG and SLG students at a statistically significant level. For AN, CLG students 

exhibited higher values of AN (median = 61.5, 25th percentile = 47.45, 75th percentile = 75.5) compared with 

RLG students (median = 16, 25th percentile = 11.75, 75th percentile = 24.25) and SLG (median = 24, 25th 

percentile = 13.25, 75th percentile = 56.75). This implies that CLG students added more annotations to the 

ebook learning materials than RLG and SLG students at a statistically significant level. For D-AN, CLG students 

exhibited higher values of D-AN (median = 13, 25th percentile = 4, 75th percentile = 20.5) compared with RLG 

students (median = 4, 25th percentile = 0.75, 75th percentile = 5.75) and SLG students (median = 2, 25th 

percentile = 1, 75th percentile = 4). This implies that CLG students deleted more annotations from the ebook 

learning materials than RLG and SLG students at a statistically significant level. 

 

Reflective learning group (RLG): Students in this subgroup were categorized as RLG students (N = 36; 31.86% 

of the students) as the students in this subgroup exhibited the highest values of BRR and higher values of D-AN 

compared with SLG students, representing a reflective way of learning as identified in Brinton et al. (2016). For 

the BRR, RLG students exhibited higher BRR values (median = 0.61, 25th percentile = 0.53, 75th percentile = 

0.72) than CLG students (median = 0.26, 25th percentile = 0.17, 75th percentile = 0.33) and SLG students 

(median = 0.11, 25th percentile = 0.05, 75th percentile = 0.22). This implies that RLG students were more 

engaged in terms of BRR than CLG and SLG students at a statistically significant level. For D-AN, RLG 

students exhibited higher values of D-AN (median = 4, 25th percentile = 0.75, 75th percentile = 5.75) compared 

with SLG students (median = 2, 25th percentile = 1, 75th percentile = 4). This implies that RLG students deleted 

more annotations from the ebook learning materials than SLG students did at a statistically significant level. 
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Selective learning group (SLG): Students in this subgroup were categorized as SLG students (N = 42; 37.17% of 

the students) as the students in this subgroup exhibited higher values of AN compared with RLG students but 

exhibited the lowest values of most of the indicators of learning behavior on the other side. This represents a 

selective way of learning as identified in Maldonado-Mahauad et al. (2018). For AN, the SLG students had 

higher values of AN (median = 24, 25th percentile = 13.25, 75th percentile = 56.75) compared with RLG 

students (median = 16, 25th percentile = 11.75, 75th percentile = 24.25). This implies that SLG students added 

more annotations to the ebook learning materials than did RLG students at a statistically significant level. 

 

 

4.2. Analysis of learning outcomes between the identified subgroups of students 

 

To investigate the association between the identified subgroups of students with different patterns of learning 

and their learning outcomes from the course, the Kruskal–Wallis test was conducted to compare the subgroups of 

students in terms of their learning outcomes from the course as the values did not satisfy homogeneity of 

variance assumptions, which is required for a parametric test. According to the results listed in Table 5, a 

significant difference was observed between the three subgroups of students in terms of their learning outcomes 

from the course (LO; H = 14.32, p < .001). Moreover, a nonparametric post-hoc test was performed using the 

Mann–Whitney U test to verify whether the difference between each pair of subgroups of students was 

statistically significant.  

 

The CLG students had higher values of LO (median = 83, 25th percentile = 78, 75th percentile = 85) than the 

SLG students did (median = 76, 25th percentile = 73, 75th percentile = 84), indicating that CLG students 

obtained significantly higher scores in the final exam than did SLG students. This implies that CLG students 

achieved better learning outcomes from the course than SLG students at a statistically significant level. 

Furthermore, RLG students had higher LO values (median = 84, 25th percentile = 82, 75th percentile = 86) than 

the SLG students (median = 76, 25th percentile = 73, 75th percentile = 84), indicating that the RLG students 

obtained significantly higher scores in the final exam than did SLG students. This implies that RLG students 

achieved better learning outcomes from the course than did SLG students at a statistically significant level. 

 

Table 5. Kruskal–Wallis test and post-hoc test (Mann–Whitney U) results of the learning outcomes from the 

course between the (a) CLG, (b) RLG, and (c) SLG subgroup 

Student 

subgroup 

N Median 25th percentiles 75th percentiles H Post-hoc test 

(Mann-Whitney U) 

CLG (a) 35 83 78.13 85.85 14.32*** a > c 

RLG (b) 36 84.3 82.05 86.85  b > c 

SLG (c) 42 76.25 73.03 84.05   

Note. ***p < .001. 

 

 

5. Discussion and practical implications 
 

5.1. Identifying subgroups of students with different patterns of learning using an ebook system 

 

In addressing the first research question, the current authors used an agglomerative hierarchical clustering 

approach based on Ward’s method to identify subgroups of students with different learning patterns using an 

ebook system. In this study, three subgroups of students with different learning patterns were identified. To 

better understand the difference in the learning patterns between the subgroups of students, the authors 

considered the difference in each indicator of learning behavior between the subgroups using Kruskal–Wallis 

and Mann–Whitney U tests. 

 

The results of these tests provide evidence that the CLG students tended to apply a comprehensive learning 

approach when learning with an ebook system as they showed the highest tendency among almost all the 

indicators of learning behavior between the three subgroups, which represents a more comprehensive and 

engaged learning approach that combines several learning strategies when learning with an ebook system. This 

finding is consistent with those of Maldonado-Mahauad et al. (2018), where the students who adopted a 

comprehensive learning approach usually utilized a combination of learning strategies. 

 

RLG students tended to apply a reflective learning approach when using an ebook system as they did not spend 

as much RT as the CLG students did. Furthermore, RLG students did not add as many annotations to the ebook 

learning materials as the CLG and SLG students did. Instead, the RLG students had the highest BRR values of 
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the three subgroups and had a higher tendency to delete annotations from ebook learning materials compared 

with SLG students, which represents a reflective learning strategy for an ebook system. This finding is consistent 

with previous studies where one subgroup of students had a higher BRR as they tended to frequently return to 

the previous page of the ebook learning material for review instead of going ahead to the next page (Yin et al., 

2019) but with a lower tendency to add annotations to ebook learning materials (Yang et al., 2019) when 

learning with an ebook system. Another finding in this study demonstrates that this learning strategy also led to a 

higher tendency to delete annotations from ebook learning materials as the students in this subgroup typically 

reflected on the annotations they had made previously after returning to the previous page of the ebook learning 

material. This finding is consistent with the relevant literature, where the learning behavior of backtrack reading 

is usually connected to a reflection learning strategy of associating current knowledge with previous knowledge 

(Costa & Kallick, 2008). 

 

SLG students tended to apply a selective learning approach when using an ebook system as they did not have a 

BRR as high as that of CLG and RLG students. Furthermore, the SLG students did not spend as much RT as the 

CLG students did or delete as many annotations from the ebook learning materials as the CLG and RLG 

students. Instead, the SLG students showed a higher tendency to add annotations to ebook learning materials 

compared with RLG students, which represents a selective learning strategy for using an ebook system. This 

finding is consistent with that of a previous study; a subgroup of students had a higher tendency to add 

annotations to ebook learning materials when learning with an ebook system (Yang et al., 2019). 

 

The findings of this study in identifying three subgroups of students provide insights into the true ebook learning 

patterns of students. The results of the clustering analysis are consistent with the relevant literature; students can 

be categorized into several subgroups according to their patterns of learning with ebook systems, such as BRR, 

annotation usage, and RT (Yin et al., 2019; Yang et al., 2019). The students were therefore provided 

opportunities to accurately identify and describe how they studied and what strategies they applied to previous 

learning activities after receiving this information from either educators or digital learning platforms. This issue 

is highlighted in the literature (Zhou & Winne, 2012). 

 

 

5.2. Association between the identified subgroups of students with different patterns of learning and their 

learning outcomes from the course when learning with an ebook system 

 

In addressing the second research question and better understanding the association between the identified 

subgroups of students with different patterns of learning and their learning outcomes from the course, the current 

authors considered the difference in the students’ learning outcomes from the course across the three subgroups 

of students, again using the Kruskal–Wallis and Mann–Whitney U tests. 

 

The results of these tests demonstrate that the students in CLG achieved better learning outcomes from the 

course than the students in SLG at a statistically significant level, as the final exam scores of the students in CLG 

were significantly higher than those of the students in SLG. Therefore, it is evident that the students who adopted 

a comprehensive learning approach that combined several types of learning strategies achieved better learning 

outcomes from the course than those who adopted a selective learning approach at a statistically significant level. 

This finding is consistent with the relevant literature, where students who follow a comprehensive or deep 

learning approach achieve stronger academic performance (Bliuc et al., 2010; Ellis et al., 2008), whereas 

students who adopt a surface or selective learning approach achieve poorer academic performance, as such 

learning approach was negatively correlated with their academic performance (Richardson, Abraham & Bond, 

2012). 

 

Moreover, the results demonstrate that the RLG students achieved better learning outcomes from the course than 

the SLG students at a statistically significant level, as the final exam scores of the RLG students were 

significantly higher than those of the SLG students. Therefore, students who adopted a reflective learning 

approach and exhibited a higher BRR and tendency to delete annotations from ebook learning materials as well 

as a lower tendency to add annotations to ebook learning materials can achieve better learning outcomes from 

the course than students who adopted selective learning approach that involves a higher tendency to add 

annotations to ebook learning materials and a lower BRR and tendency to delete annotations from ebook 

learning materials, at a statistically significant level. This finding is consistent with the literature; students who 

exhibited a higher BRR achieved better learning outcomes than students with a lower BRR when using ebook 

systems (Yin et al., 2019). This finding can also be connected to the relevant literature; backtrack reading was 

positively correlated to a review learning strategy of allotting time to commit knowledge from the learning 
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materials to students’ long-term memory (Lindsey et al., 2014), thereby leading to improved student learning 

outcomes from the course, as proven in the current study. 

 

The findings noted herein provide insight into the association between students’ learning patterns and their 

learning outcomes from the course when learning with an ebook system. The researchers and educators are 

therefore provided opportunities to predict students’ learning outcomes by analyzing their online learning 

behaviors and providing timely intervention for improving their learning experience, which achieves one of the 

goals of learning analytics as part of precision education (Lu et al., 2018). Moreover, the teachers at every 

education level are provided opportunities to apply the experimental results to serve as a basis for adjusting their 

teaching strategies or materials for achieving personalized learning in the course. Furthermore, the students are 

provided opportunities to adjust the learning strategies they had previously adopted to better address changing 

learning situations and learning goals on receiving this information from either educators or digital learning 

platforms; this issue has been highlighted in the previous literature (Lust, Elen & Clarebout, 2013). 

 

 

5.3. Limitations 

 

This study has several limitations that must be considered. First, the sample size of this study was 113 students. 

The results, although significant, may not be generalized to students from other institutions of higher education. 

A more general analytical model is required to suit students from different institutions using the same analytics 

method. Next, this study focused exclusively on identifying subgroups of students with different learning 

patterns using ebook learning logs. Consequently, this highlights a limitation in the types of student learning 

behaviors that can be identified when applying the LA and EDM approaches. Therefore, various digital learning 

platforms can be integrated to obtain a wider range of student learning behaviors when applying similar analytic 

methods in future studies. Moreover, a clustering approach was applied once to identify subgroups of students 

with different learning patterns. It is possible to combine the clustering approach with other techniques such as 

process mining or sequential data mining, which may be expected to provide deeper insights into students’ 

learning patterns regarding an ebook system. 

 

 

6. Conclusion 
 

The rising volume of students’ learning behavioral data gathered by virtual learning environments provides 

opportunities for mining students’ patterns of learning (Yang et al., 2019). Consequently, the associations and 

patterns between students’ learning behaviors and learning outcomes can be used to trigger a learning process 

and thereby reach specific goals for both learning and teaching (Reimann, 2016). However, many learning 

patterns and strategies cannot be easily identified from the system log data without the application of data 

analytics methods or data mining techniques. Hence, without a series of data analytics methods for the 

identification of students’ learning strategies and their learning patterns using LA and EDM approaches, students 

often have difficulty adjusting the learning strategies they previously adopted to better address changing learning 

situations (Lust, Elen & Clarebout, 2013). 

 

Thus, in this study, data analytic methods for examining the learning patterns of students while learning with an 

ebook system were applied. An agglomerative hierarchical clustering approach was applied to identify 

subgroups of students with different learning patterns when learning with an ebook system in an undergraduate 

course for one semester. Several subgroups were identified and categorized as Comprehensive learning group 

(CLG), Reflective learning group (RLG), and Selective learning group (SLG) based on the different learning 

strategies the students adopted, such as the higher/lower values of BRR and RT and a tendency toward AN and 

D-AN across ebook learning materials. Moreover, the association between the subgroups of students with 

different patterns of learning and their learning outcomes from the course was investigated in this study. It is 

therefore suggested that by applying the combined LA and EDM approaches to identify and analyze the 

subgroups of students learning with an ebook system, the instructor may have an opportunity to not only to 

improve their method of teaching during the course but also to support students in taking suitable actions with 

recommendations to achieve particular learning goals based on the information derived from the learning 

patterns of students. Moreover, the authors hope that this study will motivate other researchers to use LA and 

EDM approaches more often and explore their possibilities for future research. The findings of this study provide 

not only a detailed demonstration of applying a series of data analytics methods to identify subgroups of students 

with different patterns of learning throughout a semester in an undergraduate course but also offer insights into 

the association between students’ learning patterns and outcomes from the course when learning with an ebook 

system, which are expected to make contributions on facilitating the practices of precision education. 
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