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 Abstract 

Learning Analytics (LA) is an emergent field that aims to better understand students 
and provide intelligence to learners, teachers, and administrators using learning log 
data. Although the use of technology in class is increasing in the K-12 sector and 
tertiary education, cases of effective implementation of LA in secondary schools 
have rarely been reported. This study offers an example of LA implemented in a 
junior high Math class during long vacations in Japan. This paper comprises two 
studies: first, we analyzed 121 students’ answer logs and their exam performance 
after vacation by the K-means clustering method. We found that students’ progress 
patterns were categorized into four types of engagement—early, late, high, and 
low—and the early and high-engagement groups obtained significantly higher 
scores than the low-engagement group. In the second study, we implemented a 
real-time dashboard that visualizes students’ progress patterns and gives students 
insights about their progress during the vacation period. We found that the 
dashboard significantly increased students’ interactions with the assignment, and 
the questionnaire survey determined that the LA dashboard motivated students to 
learn during the long vacation period. Considering the previous studies of LA, we 
estimate that LA-based interventions enhance students’ self-regulation skills, which 
is crucial for learning during long vacation periods. Our study offers a novel 
approach to implementing LA in K-12 education. 

Keywords: Learning analytics, Long vacation period, K-12 education, Learning and 
Evidence Analytics Framework (LEAF), Evidence-based education 

 

 

 

 

http://creativecommons.org/licenses/by/4.0/


Kuromiya et al. Research and Practice in Technology Enhanced Learning   (2024) 19:34 Page 2 of 20 

 

Introduction 

Background of the study 

It is important to support students’ learning during long vacation periods. These extended 

breaks from school can be a time for students to relax and recharge, but they can also lead 

to a loss of academic progress. Without the structure and routine of the school day, students 

may struggle to stay motivated and engaged in their studies (Atteberry & McEachin, 2016; 

Cooper et al., 1996). By providing tools and resources to support learning during long 

vacation periods, educators can help ensure that students continue to make progress and 

are prepared for the next academic term (Cooper, 2003). Such tools can include learning 

analytics (LA) to track student progress, identify areas where additional support may be 

needed, and provide access to online resources and educational materials. 

In Japan, the summer vacation period is from the end of July to the end of August. During 

this period, students are often required to complete assignments given by their teachers. 

Since learning activities during summer vacation are executed in self-regulated learning 

conditions, learning time and time allocation are completely up to the students. They are 

expected to proactively work on their assignments while adjusting the time they spend 

refreshing themselves. However, some students do not study or complete the assignments 

during this period, which can lead to a loss of academic progress. To prevent this, students 

must be provided with tools and resources to help them stay motivated and engaged in their 

studies during the summer vacation period. 

To achieve this goal, we adopted an LA approach, which is an emergent field aiming to 

better understand students and provide intelligence to learners, teachers, and administrators 

using learning log data (Law & Liang, 2020). Now, the use of learning analytics in K-12 

education is still in its early stages compared to its adoption in higher education (Du et al., 

2019). This paper offers an example of LA implemented in a junior high Math class during 

long vacation periods in Japan. 

Related works 

Analyzing student engagement patterns 

Students’ engagement patterns have been investigated mainly using psychological 

questionnaires. Schnitzler et al. (2020) analyzed 397 high school students’ profiles using 

latent profile analysis (LPA) based on three indicators: participation, cognitive engagement, 

and emotional engagement. Although the first indicator was assessed by the number of 

hand-raisings in the classroom, the others were measured with survey items. Finally, they 

discovered five engagement patterns—disengaged, compliant, silent, engaged, and busy—

and the significant differences among the learning patterns. A similar approach was taken 
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in a study in the U.S., targeting 1,125 middle school students in a science course to identify 

engagement profiles and their relationship with science achievement (Bae & DeBusk-Lane, 

2019). By applying LPA, the authors discovered five engagement types from the survey of 

students: moderately engaged or disengaged, behaviorally engaged or disengaged, and 

disengaged. 

Some studies used learning log data to categorize students’ engagement patterns. Ebook 

reading logs were used to categorize students’ study patterns at a university in Japan 

(Akçapinar et al., 2020). They constructed study sequences based on the timestamp they 

opened the material from the click-stream data and applied hierarchical cluster analysis to 

the dataset. As a result, they found three different study patterns from the dataset. MOOCs’ 

interaction logs with lectures and assignments were also used to identify learners’ study 

patterns (Boroujeni & Dillenbourg, 2018). The action sequences from learners’ log data 

were extracted and transformed into probability distribution matrices for distance 

computing. Students were classified into mainly two types based on their learning strategy: 

fixed approach and changing approach. In the analysis, both hypothesis-driven and data-

driven approaches were adopted to assess interventions for motivating students. 

We introduced studies that categorized students’ engagement patterns in the previous 

section. However, the goal of LA is not just to analyze learning data, but also to implement 

effective interventions based on the analysis results (Clow, 2012). Here, we introduce some 

examples of the interventions based on the analysis results. 

In MOOCs, for example, a study conducted in Open University in the UK showed that 

the students who were predicted to drop out from the course were able to be successfully 

retained by the email intervention (Rienties et al., 2017). In the study, they predicted the 

students’ probability of dropping out based on the students’ interaction logs with the course 

materials and sent an email to students who were predicted as likely to drop out. As a result, 

the students who opened the email were more likely to access the course than the students 

who did not open the email. Another example is a study conducted in real universities 

(Gutiérrez et al., 2020), in which a dashboard was provided to the teachers, and the ease of 

use and usefulness of the dashboard was compared with traditional procedures and tools. 

The study found that the dashboard was more useful and easier for making decisions than 

traditional tools, especially for young teachers. 

Learning analytics implementation at school 

Higher education has been using LA to improve services and students’ retention rates 

(Bienkowski et al., 2012). However, adopting LA in school is not easy. It is estimated that 

it will take two or three years to adopt LA within primary and secondary education 

(Freeman et al., 2017). There are many barriers to the adoption of LA in the K-12 context: 

privacy issues are more sensitive (Gunawardena, 2017), resources for supporting analytics 
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implementation are more constrained, and expertise in data analytics is very limited in the 

K-12 context (Kovanovic et al., 2021). As a result, the number of studies conducted in 

schools is much fewer than in higher education institutions (Li et al., 2015), with 82.9% of 

studies focusing on higher education while only 17.1% are in secondary school. As a matter 

of course, cases from Japanese junior high schools that report LA implementations were 

very limited in the current state. 

Here, we introduce some examples and trends related to adopting LA in school-level 

education. In Spanish, a research project called PILARES (Smart Learning Analytics 

Platform to enhance Performance in Secondary Education) was developed for blended 

learning in secondary school (Sancho et al., 2015) financed by the Spanish government and 

with the collaboration of the Catalan Ministry of Education. It includes a large Moodle-

based LMS called AGORA, used by more than 1,500 schools in Catalonia, which aims at 

building a LA platform to allow better insight into the learning process through the LMS. 

In Uruguay, a countrywide LA tool was introduced for secondary education (Macarini et 

al., 2019). Although they shared several challenges and constraints during its conception 

and development, they pointed out the feasibility of finding meaningful patterns using the 

data obtained from the database. They proposed a prototype for tracking the students’ 

scholar trajectory. Although the substantial growth of the LA field itself provided more 

possibilities to use LA in primary and secondary education, the actual implementations are 

very limited in the K-12 context (Kovanovic et al., 2021). 

Research gap 

Other studies on the use of learning analytics in the K-12 context include a study that 

examined the correlation between log data and performance in digital learning tools in 

middle school science (Liu et al., 2022), and a study that used smart glasses to visualize 

student behavior (Holstein et al., 2018). However, to the best of our knowledge, no 

examples of learning analytics being applied to learning during the summer vacation period 

were found. 

Although the use of technology in class is increasing in the K-12 sector (Staker, 2011), 

just using technology in classrooms is not enough for what we call LA. According to Clow 

(2012), LA is defined as a cycle of four phases: learners, data, metrics, and intervention. 

Closing the loop is crucial for successfully implementing LA (Corrin et al., 2020). In the 

context of the cycle, this paper explores the effective implementation of LA during long 

vacation periods at school. We address the following problems in this paper: 1) How can 

LA be adopted in a Japanese junior high school with the learning log data during the 

summer vacation period? and 2) How do the LA-based interventions motivate student 

engagement during the summer vacation? Through these questions, we aim to find a 

practical approach to implementing LA during long vacation periods in school. 
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Our approach 

This paper consists of two experimental periods. The first is the exploration phase, during 

which we analyzed 121 students’ answer logs and their exam performance after vacation 

by adopting the K-means clustering method. The exploration phase aims to discover the 

students’ learning patterns during the summer vacation period and the relationship with 

their academic performance after the vacation. The second is the intervention phase. In this 

phase, we implemented a real-time dashboard that visualizes students’ progress patterns 

and provides students with insights about their progress during the vacation period. The 

intervention phase aims to investigate the effect of the dashboard on students’ learning 

while they are out of school. 

The paper is structured as follows. In the Methodology section, we first describe our 

implementation of LA in the target school and the study settings in a junior high Math class 

in Japan. The results section shows typical students’ learning patterns during the summer 

vacation extracted by an unsupervised clustering analysis and the relationship with their 

academic performance after the vacation. This part is based on our previous published 

conference paper (Kuromiya et al., 2021). Then, we introduce the dashboard intervention 

we implemented in the next winter vacation period and the results of the intervention. 

Based on the findings, the discussion section proposes developing a system that enables 

timely intervention during long vacation periods. We also discuss the limitations of our 

study and future research in this section. 

Methods 

LEAF platform 

Since April 2019, we have been offering an LMS-integrated LA platform called LEAF 

(Learning Evidence Analytics Framework) to a junior high school in Japan. LEAF offers 

three online learning tools to teachers - Moodle, BookRoll, and LAViEW (Flanagan & 

Ogata, 2018). 

Moodle is a well-known LMS (Learning Management System) used by more than 

100,000 educational institutions worldwide. In this study, we used Moodle as a learning 

management system. Teachers can set the course and offer students multiple learning 

materials and tools. Students can access the course and materials from Moodle wherever 

they are. 

BookRoll is an online learning material platform where teachers upload their learning 

materials for students to read. In BookRoll, teachers can embed quizzes and 

recommendations (external links) to their learning materials so that students can answer 

the quizzes and access the external links while reading. BookRoll is accessed from Moodle 

LMS by LTI (Learning Tools Interoperability) authentication method, so students and 
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teachers can log in to BookRoll without creating an additional account. It also benefits 

researchers because we can retrieve students’ information by their Moodle IDs. 

The last component, LAViEW is a dashboard that visualizes the learner-content 

interactions in BookRoll. Teachers can see students’ highlights, memos, and time spent on 

each page of the learning materials. LAViEW is also accessed from Moodle by the LTI 

authentication, and teachers can see all their students’ activities in BookRoll. Students can 

also see their own activities in BookRoll from LAViEW, but they cannot see other students’ 

activities with their names. 

Figure 1 shows the workflow of the LEAF platform. First, teachers upload learning 

materials to BookRoll. Then, students access the materials from Moodle and read them. 

While reading, students can highlight text, write memos, and answer quizzes. All the 

interactions are recorded in the database. Finally, teachers can see the students’ interactions 

from LAViEW. This paper focuses on the interactions between students and quizzes in 

BookRoll. 

Experimental context 

Monitoring summer vacation assignments with LEAF 

In this paper, we focus on a specific use case scenario of the LEAF platform in the summer 

vacation period in Math class. We targeted three classes containing 121 students in a junior 

high third-grade Math course. Before the summer vacation, a teacher uploaded an 

assignment with 49 Math questions to BookRoll (see Figure 2). The assignment consists 

of one question per page, and a straightforward reflection widget is implemented on each 

page. The widget has options representing three different understanding levels, perfect, 

understood, or not well understood, as seen in Figure 2 on the right-hand side. During 

summer vacation, students must report their understanding levels on BookRoll every time 

they finish solving a problem and submit a paper that contains the answers and working 

 

Fig. 1 System components in LEAF 
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formulas to all the questions. The summer vacation was from July 22 to August 21, 2019. 

To measure students’ performance, the examination was conducted on August 23 after the 

summer vacation. We used this score to investigate the relationship between students’ 

behavior and performance. 

Preparing the dashboard for long vacation period 

Based on the results of the first experiment, we implemented a real-time dashboard that 

visualizes students’ progress patterns and gives students insights into their progress during 

the vacation period. In the winter vacation period next year, we offered a dashboard that 

visualizes students’ progress compared to their peers. The dashboard was implemented in 

LAViEW and students can access it from Moodle LMS. 

We developed this dashboard to automate the analysis of comprehension check data and 

provide more frequent feedback to students and teachers. With a one-time analysis, 

providing real-time feedback to students is impossible. Especially during long periods 

when students do not come to school, the presence or absence of feedback from the system 

is crucial. By transforming data analysis into a dashboard, even during extended breaks at 

home, students are aware of the response status of their peers. This is particularly useful 

for learning during extended absences from school. 

The interface of the dashboard is shown in Figure 3. It consists of three different 

components: (A) content selector, (B) page-wise analysis panel, and (C) student-wise 

analysis panel. In the content selector (labeled “A”), students are required to select the 

assignment content. We implemented this component because students usually have 

multiple assignments during the long vacation period. In this period, we focus on one 

assignment, but students can also visualize their progress on other assignments. 

 

Fig. 2 Summer vacation assignment in BookRoll 



Kuromiya et al. Research and Practice in Technology Enhanced Learning   (2024) 19:34 Page 8 of 20 

 

Once a user selects the content, two charts will be available: a page-wise analysis panel 

and a student-wise analysis panel. In the page-wise analysis panel (labeled “B”), students 

can see how many students tried to solve that question and how students responded to the 

comprehensive check survey for each page. In the student-wise analysis panel (labeled 

“C”), students can check their progress on the assignments relative to the whole class. To 

prevent students from comparing their progress with other students, we did not show the 

names of other students in the dashboard. Instead, we showed the number of students who 

solved the question before the target student. 

 

 

Fig. 3 Dashboard for long vacation periods 
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Data collection and analysis 

Exploration phase 

To measure students’ engagement during the summer vacation period, we used the students’ 

reflection logs on BookRoll. Learners used BookRoll to solve problems and record their 

reflections on their understanding, while we analyzed their learning logs. By analyzing the 

reflection logs, we can determine which students solved which question on what day. We 

targeted ebook logs from July 17 to August 22, 2020 for the log analysis. Overall, we 

extracted 6,250 answers from the students. We excluded 1,172 answers from page 1 where 

the content was just a description of the assignment. Then, we excluded 132 answers after 

the exam. As a result, we analyzed 4,936 student answers. Sixteen students were excluded 

throughout this process because they had no reflection data. Three other students were 

excluded because they had no score data. We also excluded one student who sent too many 

answers in only a few minutes. In total, we obtained 101 students for the analysis. 

As the summer vacation period was over in 37 days, we separated the answers into two 

periods: logs before August 4 were from the first half and those from after that date were 

from the second half. Duplicate answers to the same question in the same period were 

excluded. Finally, standard K-means was conducted based on each student’s interactions 

during the first-half and second-half periods. The Elbow plot determined the number of 

clusters. Here, we decided four was the optimal number of clusters because it was the 

lowest BIC value in the plot. 

After the categorization step, we compared each cluster’s average exam score after the 

vacation period. ANOVA and post hoc testing were adopted using statistical testing 

software, JASP (Love et al., 2019). 

Intervention phase 

Based on the results from the exploration phase, we offered the dashboard to the students 

in junior high first grade (N = 114) during the winter vacation period from 24 December 

2021 to 10 January 2022. Before entering winter vacation, teachers taught students the 

basic usage of the dashboard. Whether or not students use the dashboard during winter 

vacation is left up to the students themselves. About half of the students used the dashboard 

during the winter vacation period (N = 54), while the others did not (N = 60). We divided 

the students into two groups: the dashboard-use group and the nonuse group. The 

dashboard-use group comprised the students who accessed the dashboard at least once 

during the winter vacation period. The non-use group comprised the students who did not 

access the dashboard at all during the winter vacation period. We compared the engagement 

and the post-exam performance between the two groups. 
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Table 1 Survey items and response options 

 Question Options 

1 How useful was the page-wise analysis for studying during vacation? 1-5 Likert scale 
2 How useful was the student-wise analysis for studying during vacation? 1-5 Likert scale 
3 Please write anything you want to say. Free writing 

 

After the winter vacation, we conducted a questionnaire survey to the students who used 

the dashboard. The questionnaire consisted of five items and two free-response questions. 

The items were about the usability of the dashboard, and the free-response questions were 

about the usefulness of the dashboard and the difficulty of understanding the dashboard. 

The questionnaire was conducted in Japanese, and the students answered in Japanese. 

Table 1 showed the descriptions of the items and available response options in the survey. 

We gathered responses from dashboard users and summarized how many students 

answered in what way for each item in histogram format. For free-response questions, we 

translated the entire text of the respondent’s response into English and posted it. 

Results 

Exploring students’ engagement patterns 

Figure 4 (left) shows the scatter plot of the clustering results. The horizontal axis represents 

the number of answers in the first-half period, and the vertical axis represents the number 

of answers in the second-half period. The scatter plot was divided into four clusters. We 

labeled each cluster as follows: early engagement group (N = 19), high-engagement group 

(N = 14), late engagement group (N = 37), and low-engagement group (N = 32). Table 2 

shows the descriptive statistics of each cluster. Although the number of completed quizzes 

 

Fig. 4 Clustering by student learning patterns 
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Table 2 Characteristics of each cluster 

Cluster # attempts Reviewed quizzes Active week Active day 

High  (N = 14) 58.3 (21.1) 11.8 (13.0) 4.2   (0.7) 10.0 (3.0) 
Early  (N = 19) 48.3 (9.9) 3.9 (6.6) 2.8   (1.0) 7.5 (3.8) 
Late  (N = 37) 48.0 (19.0) 5.0 (10.9) 3.2   (1.4) 6.4 (3.2) 
Low  (N = 32) 10.7 (8.8) 0.5 (1.6) 1.9   (0.9) 3.3 (2.1) 

Note. It shows the means of each indicator. The numbers in the parentheses are standard deviations. 

 

were almost the same among the early, high and late engagement groups, there were more 

reviewed quizzes in the high-engagement group than in the other groups. Conversely, there 

were fewer completed and reviewed quizzes in the low-engagement group than in the other 

groups. 

Figure 4 (right) shows actual students’ progress patterns for each cluster. The horizontal 

axis represents the day of the vacation, and the vertical axis represents the page of the 

question they answered. The students in the early engagement group finished the 

assignments within the first-half period. In contrast, students in the late engagement group 

made little progress by the second half of the vacation. Students in the high-engagement 

group can be categorized as two subgroups: some students finished the assignment once 

half the vacation was over and solved the questions again at the end of the vacation. In 

contrast, others continuously worked throughout the entire vacation. Conversely, students 

in the low-engagement group could not finish the assignment. 

Additionally, we investigated the relationship between their solving patterns and 

performance. Figure 5 shows the descriptive plot of students’ exam scores among four  

 

Fig. 5 Exam scores after vacation for each cluster 
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Table 3 Post hoc comparison results between every cluster combination 

  Difference SE T P 

Early High 0.075  6.618 0.011 1.000 
Late 7.411  5.303 1.398 0.504 
Low 18.914  5.442 3.476 0.004** 

High Late 7.336  5.896 1.244 0.600 
Low 18.839  6.021 3.129 0.012* 
Low 11.503  4.536 2.536 0.061 

Note. p-values adjusted for comparing a family of four  *p < .05, **p < .01. 

 

 

clusters. The error bar stands for the standard error of each cluster. Students in the high-

engagement group obtained the highest score (M: 80.8, SD: 14.5), while students in the 

early engagement group obtained the second highest score (M: 80.7, SD: 15.0). Students 

in the late engagement group were the third ranked (M: 73.4, SD: 19.9) and students in the 

low-engagement group received the lowest score (M: 61.9, SD: 21.0). Finally, we 

conducted an ANOVA to test the difference in exam scores by clusters. Before adopting 

ANOVA, we checked the homogeneity of the data, and the result was not significant  

(p = .18). The result of ANOVA was significant (p = .001), so we conducted a post hoc 

comparison between clusters (see Table 3). As a result, we obtained significant differences 

between clusters one and four and between clusters two and four. The p-values were 

adjusted for multiple comparisons. 

Results of the dashboard intervention 

In the second phase experiment, we expected that the dashboard would motivate students 

to increase their engagement during the winter vacation period. In the first experiment, we 

separated the answers into two periods: logs before January 2 were from the first half, and 

after that, they were from the second half. Duplicate answers to the same question in the 

same period were excluded in this process. 

Figure 6 shows the results of the dashboard intervention. We compared the number of 

completed and reviewed quizzes and post exam scores between the dashboard-use group 

and nonuse group. The dashboard-use group completed and reviewed more quizzes than 

the nonuse group. However, there was no difference in the exam scores between the two 

groups. We conducted statistical tests to investigate the difference between the two groups 

(see Table 4). For the engagement part, we found significant differences between the two 

groups in the first and second half periods (p < .01). However, for the exam score part, we 

found no significant difference between the two groups (p = .27). Looking at the effect size 

(Cohen’s d), the effect size of the engagement part was large (d = 0.8) but the effect size 

of the exam score part was small (d = -0.2). 
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Table 4 Difference in engagement and performance between dashboard use and nonuse groups 

 T DF P Cohen’s d 

Engagement in the first half  2.869 103.780 0. 005**  0.541 
Engagement in the second half  3.794 108.020 <0. 001**  0.713 
Engagement in total  4.764 107.880 <0. 001**  0.896 
Post exam score - 1.099 111.757 0. 274 − 0.205 

Note. Welch’s t-test *p < .05, **p < .01. 

 

 

To investigate the effect of the dashboard from the students’ perspective, we conducted 

a questionnaire survey with the students who used the dashboard. The response rate was 

74% (N = 40). Figure 7 shows the result of the questionnaire about the dashboard. The 

horizontal axis represents the items in the questionnaire and the vertical axis represents the 

number of students who answered each option. 

Most of the students indicated that the dashboard was useful for their learning. The mean 

score of the item was 4.2 (SD: 0.6) for the page-wise analysis panel, and 4.0 (SD: 0.9) for 

the student-wise analysis panel. The difference between the two panels was not significant 

(p = .25). However, the difference from a neutral score (3.0) was significant for both panels 

(p < .01). In addition, we included a free-response question about the usefulness of the 

dashboard. Table 5 shows the result of the free-response question in the questionnaire. 

There were 6 positive comments and 2 negative comments. The positive comments were 

about the usefulness of the dashboard for student learning, versus the negative comments 

that were about the difficulty of using the dashboard to understand their progress. 

 

 

Fig. 6 Effect of the dashboard on student engagement and performance 
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Table 5 Student responses to free-text items 

Student No. Comment Polarity 

S1 I was able to check everyone’s progress during winter break in class and 
it motivated me 

Positive 

S2 I think it’s convenient to be able to compare myself with others. Positive 

S3 I was able to solve as many problems as possible in a short amount of 
time. 

Positive 

S4 I want a mark on the graph of the progress by page to show which level I 
was at. 

Positive 

S5 It was helpful when I didn’t know how far I had gone, the graph was very 
useful. 

Positive 

S6 Actually, I used it during winter break and it was very convenient to 
know how much others were doing and how difficult they perceived the 
problems to be. I was able to make effective use of it. So, I hope you will 
continue to do it in the future. 

Positive 

S7 There were times when I solved problems but they weren’t reflected, so 
I want that to be improved. 

Negative 

S8 Since the graph in the survey is different from the actual graph, I can’t 
evaluate my study patterns, so there’s nothing I can do about it. 

Negative 

 

Discussions 

Principal findings 

Until here, we explored the students’ progress patterns during the summer vacation period 

and the effective implementation of the dashboard during long vacation periods in school. 

Throughout the two experiments, we found that students’ progress patterns were able to be 

categorized into four types: early engagement, late engagement, high engagement, and low 

 

Fig. 7 Usability survey results 
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engagement. Plus, the early and high-engagement group got significantly higher scores 

than the low-engagement group, which means that motivating students’ engagement during 

the long vacation period is important for their learning and academic performance. 

In the second study, we implemented a dashboard that visualizes students’ progress status 

in real time. We expected that the dashboard would motivate students to increase their 

engagement during the long vacation period. As a result, we found that the dashboard 

significantly increased students’ engagement with the assignment, but did not affect their 

exam performance. The result of the questionnaire supported the fact that the dashboard 

supported students’ learning during the long vacation period. This study gives us a clue 

that the dashboard, which visualizes students’ progress status in real time, is effective for 

motivating students’ engagement during long vacations. However, there is room for 

improvement of the dashboard. 

Comparison with previous studies 

Students engagement patterns and their performance 

Online engagement during an assignment is widely considered to affect students’ academic 

performance. For instance, a study investigated predictors of students’ weekly achievement 

and found that time spent on homework and labs was more strongly related to their 

performance than time spent on discussion boards or books (DeBoer & Breslow, 2014). 

Another research insisted that assignment features, such as average submission lead time 

and total quiz submission, play important roles in the dropout prediction model in MOOCs 

(Gardner & Brooks, 2018). These studies indicated that engagement with the assignment 

is important for students’ performance. However, unlike our study, the learning process 

was not often considered in the performance prediction before. As far as we know, only 

one study investigated the relationship between students’ engagement patterns and their 

performance in MOOCs (Kizilcec et al., 2017), and they found that early engagement was 

a good predictor of students’ performance. Our study is consistent with their findings and 

extends the results to the secondary education context. 

Based on the previous studies in the similar context, we hypothesize that early 

engagement reflects the high self-regulation skills of students (Yang et al., 2022, 2023). 

Self-regulation skills are the ability to control one’s behavior, emotions, and thoughts 

(Zimmerman, 2002). We can say that students who finished the assignments early have 

high self-regulation skills because they can set a goal and deadline and make a plan to get 

there in time. It would prove the student’s high self-regulation skills, which lead to a high 

examination score after the vacation. 

Until now, many studies indicated that students’ self-regulation skills contributed to high 

performance in MOOCs. A path analysis between self-regulated learning and learning 
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achievement from a large dataset from Korean Cyber University revealed that self-

regulated learning was positively correlated with participation, which was positively 

correlated to learning achievement (Im & Kang, 2019). There, the self-direction skill 

indirectly contributes to the learning performance. Another study is a case study of a 

MOOC course in which the students’ self-regulation skills were measured by a survey 

investigating the relationship between self-regulation skills and learning persistence (Joo 

et al., 2014). They found that self-regulation skills were positively correlated to the learning 

persistence. These studies would support our hypothesis that self-regulation skill is a key 

factor for students’ learning during the long vacation period. 

Effective interventions during long vacation periods 

As we showed in this study, the dashboard that visualizes students’ progress status in real 

time is effective for motivating students’ engagement during long vacations. This 

phenomenon is known as “social comparison.” A previous study (Joshi et al., 2023) 

showed that students have different preferences for social comparison and the effect of 

social comparison depends on the type of social comparison. In our study, we visualized 

students’ progress status in real time, which was effective for motivating students to remain 

engaged during the long vacation period. However, preferences may vary across students; 

understanding this variation would be a good future direction for our research. 

Also, effective usage of the dashboard was reported in the previous studies of LA. For 

example, a large-scale study showed that complementing the dashboard with personalized 

feedback increased student performance (Pardo et al., 2019). The authors claimed that 

sending a personalized email to students who were predicted to drop out would be effective 

for retaining students’ performance (Pardo et al., 2018). Another conducted in a similar 

context, a high school Math course in Japan, showed that personalized recommender 

systems with explanations improved student performance (Dai et al., 2024; Majumdar et 

al., 2023). These studies provide us clues for improving the dashboard. In our study, we 

implemented a dashboard that visualizes students’ progress status in real time. However, 

we did not send any personalized messages to students. Sending personalized messages to 

students who are predicted to have a low level of engagement in the second half of the 

vacation period would be effective for motivating students to stay involved. This is another 

good future direction for our research. 

Limitations 

One limitation of this study lies in the generalizability of the results. We conducted the 

experiment in a single school in Japan. Although we found the dashboard to be effective 

in the target school, it is not clear if the dashboard is effective in other schools. To solve 

this problem, we plan to conduct the experiment in other schools. As we have a large-scale 
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research network including other countries that use the LEAF platform (Ogata et al., 2022), 

using the dashboard in other schools would increase the generalizability of the results. 

Another limitation lies in the study’s clustering features. In this study, we used the 

number of answers in the first and second half of the vacation as the clustering features. 

These features give us advantages when we visualize the results of the clustering. However, 

in that context, we were not able to consider the rich time-series information for pattern 

clustering because they are aggregated features of daily engagement of students. Advanced 

clustering methods such as time-series clustering (Aghabozorgi et al., 2015) may enable us 

to treat the rich time-series information of students’ answer data. In a study in which time-

series clustering was applied to the learning log data in MOOCs (Hung et al., 2015), the 

time-series features were extracted from the log data and time-series clustering was applied 

to the dataset. By examining the detailed interactions between learners and the LEAF 

system, we may be able to obtain clearer results on what kind of behavior affects learning 

performance. 

Conclusion 

In this paper, we offered an example of a LA platform implemented in an actual junior high 

Math class in Japan. In particular, we introduce a case of a summer vacation assignment. 

The summer vacation period is a temporal remote learning period in face-to-face 

classrooms; thus, the use of technology is easier than in normal face-to-face learning period. 

The two experiments were conducted in the summer and winter vacation periods. In the 

first experiment, we analyzed the students’ reflection logs on BookRoll and categorized 

students’ progress patterns into four types of engagement: early, late, high, and low. We 

found that the early and high-engagement group obtained significantly higher scores than 

the low-engagement group. In the second experiment, we implemented a dashboard that 

visualizes students’ progress status in real time. We found that the dashboard significantly 

increased students’ interactions with the assignment. However, it did not affect students’ 

exam performance. The result of the questionnaire indicated that the dashboard supported 

students’ learning during the long vacation period. Our case is the first model case of how 

to implement LA in secondary school in Japan. We are confident that the use of LA will 

increase in the secondary education sector as well as in higher education institutions. 
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