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Abstract: From traditional face-to-face courses, asynchronous distance learning, synchronous live
learning, to even blended learning approaches, the learning approach can be more learner-centralized,
enabling students to learn anytime and anywhere. In this study, we applied educational data
mining to explore the learning behaviors in data generated by students in a blended learning course.
The experimental data were collected from two classes of Python programming related courses
for first-year students in a university in northern Taiwan. During the semester, high-risk learners
could be predicted accurately by data generated from the blended educational environment. The
f1-score of the random forest model was 0.83, which was higher than the f1-score of logistic regression
and decision tree. The model built in this study could be extrapolated to other courses to predict
students’ learning performance, where the F1-score was 0.77. Furthermore, we used machine learning
and symmetry-based learning algorithms to explore learning behaviors. By using the hierarchical
clustering heat map, this study could define the students’ learning patterns including the positive
interactive group, stable learning group, positive teaching material group, and negative learning
group. These groups also corresponded with the student conscious questionnaire. With the results of
this research, teachers can use the mid-term forecasting system to find high-risk groups during the
semester and remedy their learning behaviors in the future.

Keywords: blended learning; learning behaviors; learning performance; machine learning; online
programming course

1. Introduction

With the development of the Internet, emerging forms of distance education can eliminate the
geographical and temporal separation between two learners, and the knowledge can be transmitted to
all corners of the world through the teaching environment of the online platform. Furthermore, another
significant advantage of the Internet is that the teaching will be transformed from teacher-centered
to learner-centered [1]. Distance learning enables learners to more flexibly manage their time and
progress, and choose the time and place to learn. Therefore, it also improves the shortcomings of the
traditional educational environment such as a lack of flexibility, limited delivery distance, and inability
to repeat learning [2].
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However, traditional asynchronized distance teaching has its disadvantages. For example,
the learner’s problem can be answered by message or by mail, however, it takes a longer time
when compared to the face-to-face environment where learners can ask questions and obtain
answers immediately, as the teacher cannot grasp it instantly. With the advancement of technology,
the synchronous distance learning (live) environment has become another choice for the teaching
environment. The advantages of the live broadcast environment include providing innovative learning
models, motivating learners, providing formal multi-learning materials, and making the learner
reflect [3]. In the live broadcast environment, learners can ask questions to the instructor promptly
under the live broadcast, and the instructor can respond promptly. Compared with asynchronous
learning, students can ask questions more freely. Discussing the teaching content of the teacher with
other students does not affect the learning quality of other students, and the students can respond to
the teaching content of the teacher so that the instructor can immediately see whether the teaching
content is correctly transmitted. Immediate response is unattainable in traditional face-to-face and
non-synchronous distance learning [4].

Additionally, a chat box in the learning management system can become a conduit for
communication between learners. The live environment breaks this gap, and learners can instantly
exchange ideas and explain questions with others in the chat box. This is followed by the possibility
of learners chatting with each other [5]. The advantages and disadvantages of synchronous and
asynchronous learning are different, so the blended learning environment has become one of the
choices of today’s learning approaches. The blended learning environment proposed by this study
integrates traditional face-to-face courses, asynchronous, and synchronized online learning. Therefore,
it can provide students with the most flexible learning environment. In the literature review of
blended learning, there have been few studies on the learning approach integrated with Facebook live.
Therefore, this study hopes to explore the learner’s learning experience and learning achievement with
the use of educational data mining through traditional distance education, face-to-face teaching, and
learning via Facebook live.

This study aims to use machine learning and symmetry-based learning algorithms to explore the
relationship between the data generated by the learning process in a blended learning environment
and learning achievement. The research questions in this study are as follows:

1. In the blended learning environment, can we use the data generated in the learning process to
forecast learners’ performances?

2. Can we apply the generated model to predict the data of the other class?
3. Can we find a specific learning model from the learner’s learning behavior? How can the learning

group be defined and which variables should they be based on?

To solve these research questions, this paper explored which variables were related to the learner’s
learning performance in a mixed-education environment of mixed face-to-face courses. This study
collected the learning records generated by students in a blended learning environment such as
the degree of synchronous and asynchronous participation, the submission of assignments, and the
discussion in the online forum. Through educational data exploration, predictions can be made in the
interim period so that the instructors are in the second half of the semester. Personalized guidance
could then be given to high-risk students. Therefore, this study is able to predict learners’ learning
performance and provide personalized guidance or reminders for high-risk learners to enhance the
efficiency and effectiveness of future teaching.

2. Literature Review

2.1. Blending Learning Environment

In the last few decades, information and communication technology has revolutionized the
processes of learning. The blending learning environment can be defined as the combination of
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traditional face-to-face courses and online learning environments that can complement each other’s
shortcomings [2]. The implementation is complicated and challenging as the proportion of face-to-face
and online learning will lead to an unlimited number of combinations [6]. The definition and
classification of the blended learning environment mainly include two aspects: one is the transmission
method (offline and online), and the other is the learning method (educator-oriented and learner
center) [7]. Therefore, from these two aspects, there are four possible blended learning environments:
(1) Mostly face-to-face courses and significant online interactions; (2) mostly online courses and offline
group discussions; (3) mostly face-to-face courses and online resources provided; and (4) mostly
online courses and optional face-to-face discussions. The blended learning environment of this study
was similar to the fourth type. Most of the online courses and online assignments, discussions,
quizzes, and live online courses were synchronized, while the remaining few face-to-face courses were
mainly for the start of course introduction, environment building, follow-up question discussions,
and examinations. Furthermore, Francis, and Raftery [8] also proposed three digital learning models
using hybrid education: (1) Basic course management and helping learners; (2) Hybrid learning
brings significant improvements in the teaching and learning process; and (3) The first two modes
achieve personalized guidance through multiple online courses and modules. Based on the above
three stages, it is recommended that the academic management staff of the university should have
sufficient awareness of the strategies, structure, and support of each stage in order to improve the
higher education and learning environment [6]. The course in this study was the blended learning
environment of online courses, live online interactions, and face-to-face courses. To bring about
significant improvement in learning to learners, this research established a mid-term prediction model,
so that teachers could find high-risk groups of learners in the mid-term, and provide personalized
guidance and reminders to them, in order to achieve the process of improving the learning effectiveness.

Moreover, thematic research on the blended learning environment has pointed out that 41% of the
research in the past decade has raised questions about education design including education models,
strategies, best practices, learning environments, and curriculum [9,10]. Sikder, Herold, Meinel, and
Lorenzen-Zabel [10] combined theoretical knowledge and practice-oriented education to present
e-Learning platforms, which included lectures, tests, and practical exercises aside from short teasers
and technical tutorials as the major learning modules components. Keržič, Tomaževič, Aristovnik, and
Umek [11] explored the critical factors of blended learning for higher education students and indicated
that e-learning was positively perceived when the teacher was engaged in an e-course and students’
attitude to the subject had a direct impact.

2.2. Educational Data Mining

In the field of educational data mining, predicting the performance of learners is one of the
most practical applications. According to the definition of the Educational Data Mining Community
website [12], educational data mining is “a rapidly emerging discipline that focuses on developing
methods that can explore specific information in the educational environment and uses its methods to
gain a deeper understanding for students’ learning performance and set the goals for them.” In addition,
many leading experts in educational data exploration divide educational data exploration into the
following sections: statistics and visualization, prediction (classification, regression, and density
estimation), clustering, correlation analysis, outlier detection, and semantic analysis [5,12–14]. The goal
is to understand learners’ learning behaviors and predict their knowledge absorption [14]. However,
predicting learner performance is not easy, and a large number of factors or personal characteristics
may affect learner performance. Factor characteristics include the learner’s background, past
learning performance, and interactions between learners and educators [15]. When predicting learner
performance, the method used will vary depending on the predictive variables [16]. The application of
educational data mining in student learning performance is improving the learning process and guiding
learners to learn, providing feedback suggestions based on learner learning behavior, evaluating
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learning materials and course equipment, early detection of abnormal learning behaviors and problems,
and overall a deeper understanding of the learning environment [14,17].

In recent years, the application of predicting the performance of learners is mostly in higher
education [18,19]. The main reasons are the popularity of learning management systems (LMS) such as
Moodle, Claroline, and Blackboard. The reason why such a learning management system can be quickly
popularized is mainly because it can effectively, flexibly, and merely manage the experience of online
courses. In addition, the learning management system can accumulate a large amount of information
including the number of times the learner visits the webpage, the time, the time and number of viewing
the resources, the status and performance of the assignment, and even the interaction record with
others in the chat room and discussion area. Therefore, this kind of information is crucial for analyzing
the learner’s behavior and predicting the learner’s performance. This allows the teacher to find any
inappropriate parts in the course, or the deficiency to improve, so that future teaching will be better
suited [17,20].

In supervised learning, random forest (RF) is one of the statistical learning theories, and the
approach is applied to make predictions with multiple decision trees and uses voting to obtain the final
prediction results. To effectively train the random forest model, the number of trees in the random
forest needs to be reduced [21]. Scholars currently compare various decision trees and random forest
algorithms for performance predictions. Random forests have been proven to demonstrate the best
possible performances when all of the features are included in the model [22].

In unsupervised learning, the clustering approach is a basic exploratory tool in data mining.
The clustering approach attempts to classify data when the actual group membership classification is
not known. There are also cases in which the clustering approach is applied to educational data mining
such as while using the clustering and sequential approach to simulate learner behavior patterns in
games [23].

With the learning management system, the data collection of learners becomes more and more
convenient, but the information is more complicated. Therefore, it is difficult to analyze the current
learning behaviors using traditional research methods. This study applies classification, grouping,
data visualization, and other educational data exploration methods to analyze the learning behavior of
complex learners, and hopes to explore the variables that affect the learners’ learning performance and
thus help the overall learning efficiency.

2.3. Visual Analysis

Data visualization is an emerging field that aims to address a growing database of scale and
complexity. The visualization of data developed from the fields of statistics, probability, and data
presentation is to understand the large datasets that exist in the database. Moreover, data visualization
techniques are mathematical tools that aggregate large datasets into a single representation or numerical
value. Such models include time-series graphs, heat maps, etc. [24]. In the era when computers were
still not widespread, there was already data visualization [25], like the weather map of Francis-Galton
in the 1980s. There are many complicated technologies used in data nowadays. Data visualization is
mainly used in business and science. Unlike data mining, data visualization usually deals with raw
materials such as numbers or letters [26], which makes the process of visualizing data consume a lot of
computing energy and time. Large database management systems often encounter such problems.

The use of data visualization is part of the critical trend of educational data mining [27]. Researchers
have pointed out the representative power of data visualization. Data visualization is not a neutral
presentation, but magnifies the meaning or persuasiveness of data so that it can be used to generate
discourse and opinions. Additionally, it can persuade others to make the same belief in others’
opinions [27]. Therefore, Beer [28] indicates that researchers need to examine the process of data
visualization in detail so that everyone can take these visual effects seriously.
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3. Method

3.1. Participants

In this study, we present an exploratory study to conduct practical teaching experimental research
in universities. This study plans to conduct empirical evidence-based research on a compulsory course.
The study was conducted in the Python programming course at a university in northern Taiwan
(from now on referred to as Class A). This course is a general education course with a total of 38
students that come from many various departments. To protect the personal information of students,
the data was coded. This course utilizes a the blended learning education approach that includes a
weekly online lecture available on the learning management system. Students are required to watch
instructional videos. In addition, there are face-to-face courses, which allow students to interact with
their peers in person, the online quiz, test, and the Facebook live class twice in the semester. To
extrapolate our research model, this study also collected the data from another Python course in the
same university (hereinafter referred to as Class B). The total number of students in this course was 34.
Its weekly learning approach was the same as Class A.

3.2. Data Collection

The collection of course materials analyzed in this study included (1) the students’ asynchronous
online learning behavior; (2) the students’ synchronous online learning behavior; and (3) the
students’ self-evaluation.

(1) The source of the students’ asynchronous online learning behavior was obtained from the learning
management system log file.

The information included the student’s necessary information (student number, department,
name), the results of 11 regular homework assignments, the order of payment, the time of payment,
whether to submit late, the results of the final report, three times the average test scores, and the
usual class interaction scores. In this study, the data were collected from the learning management
system including the total score of the semester, the grades of the students, the 11 assignment scores,
the number of unsubmitted assignments, and the number of delayed submitted assignments. There
were 38 rows of data, each with 80 fields. The teaching log file showed what teaching content each
student clicked at any time, so the variables were courseID, userID, click content ID, logTime, exitTime,
and account. There were a total of 4575 items (clicks).

(2) The source of the students’ synchronous learning behavior was from the Facebook live platform.

Using the Facebook Graph API (Application Programming Interface) to obtain the platform
information as Creat_time (message generation time), live_broadcast_timestamp (message generated
at the time of the broadcast), message (message content), and NAME (message publisher). There were
two live sessions with 275 responses for the first session and 125 responses for the second session.
Therefore, there were a total of 400 articles and four fields each after the merger.

(3) The source of the students’ course evaluation was from the learner questionnaire.

This questionnaire was submitted to the students after the semester finished. There were four
major themes, namely, personal background, teaching platform and curriculum design planning, actual
platform usage, and open questions.
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3.3. Research Tools

The tools used in this research environment included the learning management system (My2TMU),
Facebook live platform, Facebook Graph API, as follows:

(1) Learning Management System

The Learning Management System collects the learner’s course of study in this course for one
semester including basic materials, weekly work assignments, quiz results, and click on the content on
the platform.

(2) Facebook Live Platform, Facebook Graph API

Using the Facebook live platform provides an environment for learners to do distance learning,
as learners can enjoy the advantages of distance learning and the advantages of instant interaction,
so that learners can use the communication device to learn and interact with the teacher at any place,
and also interact with their peers.

The Facebook Graph API is the primary method for applications to read and write Facebook
social relationships by using Python to connect to the Facebook Graph API to obtain the information
generated by learners on Facebook live and organize them appropriately. The version used in this
study was v2.12. This study used Facebook graph API to obtain live platform information including
creat_time (message generated time), live_broadcast_timestamp (message generated time), message
(message content), and NAME (message publisher).

(3) Final learner questionnaire

At the end of the semester, the student was asked to fill out a questionnaire, which was an online
test with a total of 23 questions.

3.4. Data Analysis

After the environment was built, Python was used to analyze the data in this study. The main
version of Python used in this study was 3.6, with the following kits: Pandas, the Numpy suite for
data collation, Matplotlib, Seaborn, the SciPy kit for data visualization, and the Scikit-learn kit for data
analysis. This study used Python to obtain the learner’s answer data during Facebook live teaching
and to analyze the data including machine learning methods such as classification and clustering.
The original data were preprocessed and standardized as Z-scores , which had a mean of zero and a
standard deviation of 1.

In supervised learning, we explored the learner’s learning outcomes at the end of the term, and
the target variable was whether the final grade was passed or not. Three algorithms were used, namely
logistic regression, decision trees, and random forests. This study first applied these three models to
make mid-term predictions and find the best one. After that, to evaluate the model, this study applied
the best model of the three models to another class.

In unsupervised learning, we used the clustering approach to find learners with different learning
behaviors. This study applied Euclidean distance (European distance) and the hierarchical grouping
method to generate the tree diagram. Euclidean distance is the most common distance measure
and is suitable to measure the distance of individuals in space. The hierarchical grouping method
is a hierarchical structure, which repeatedly splits the data or aggregation, and finally becomes a
tree structure.
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4. Results

In this study, the curriculum with flipped learning for the programming course was
proposed. Moreover, an 18-week Python programming online course was designed in the general
education curriculum.

4.1. Mid-Term Forecast

This study applied the following machine learning classification methods: (1) logistic regression,
(2) decision tree, and (3) random forest to make mid-term predictions and applied the best model to
another class. Among the three models that evaluate the y variable scores, the f1-score of the random
forest model was 0.83, which was higher than the f1-score of the logistic-regression and decision trees,
as shown in Table 1. Therefore, the best model in this study was the random forest model.

Table 1. Model evaluation and comparison between the three models.

Data
Label

Logistic Regression Decision Tree Random Forest

Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score

0/Fail 0.33 0.50 0.40 0.33 0.50 0.40 0.53 0.50 0.50
1/Pass 0.89 0.80 0.84 0.89 0.80 0.84 0.90 0.90 0.90

Avg/Total 0.80 0.75 0.77 0.80 0.75 0.77 0.83 0.83 0.83

To evaluate the predicting model trained by Class A, we further applied the model to Class B.
The time of the B class data was also processed the same as Class A. This study further used this model
to predict Class B. The results indicate that the F1-score was 0.77, as shown in Table 2. Therefore, this
model also had a successful interim prediction for Class B.

Table 2. Model evaluation for Class B.

Data Label Precision Recall F1-Score

0/Fail 0.33 0.50 0.40
1/Pass 0.89 0.80 0.84

Avg/Total 0.80 0.75 0.77

4.2. Learning Behavior Grouping

To further explore the different learning behaviors, this study applied hierarchical clustering to
measure the distance of individuals in space. Moreover, to have a closer understanding of the tree
structure, the tree diagram was added to the group heat map to generate a hierarchical clustering heat
map, as shown in Figure 1. The closer the distance, the smaller the difference between the individuals.

The color depth of the heat map represents the original value. Since the data were standardized, the
maximum value was about 4.5, and the minimum value was about−1.5. From the hierarchical structure
on the left, we can see the learner’s grouping and understand which learners’ learning behaviors were
similar. Moreover, the relationship between the variables can be seen from the hierarchical structure
above; so we can understand the degree of association between the variables. The correlation between
the variables is one of the links that the instructor wants to explore. Therefore, the variable hierarchy
above the hierarchical group heat map is represented separately from the disguised name below,
as shown in Figure 2.
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In Figure 2, there are four variables on the left: Dropout (Drop), the number of unsubmitted
assignments (NUA), the number of late submissions (NLA), and the assignment submission rank
(ASR). In this part, the higher these features are, the more negative the students are. The features in the
middle section of Figure 2 are the behaviors on the learning management server including the first
exam score (ES1), the log clicks on others (LCO), the total log click (LCT), the log clicks on video (LCV),
final project score (FPS), course scores (CS), the third exam score (ES3), the exam score average (ESM),
the assignment score average (ASM), and the second exam score (ES2). Most of the features in the
right section of Figure 2 are the interaction of learners including online time (OT), post on forum (PoF),
second FB live comments (FBL2), first FB live comment (FBL1), and FB live interaction (FBLA). From
Figure 3, the hierarchical group heat map can further explore the similarity of learning behavior among
learners. From the left part, the first order is divided into green and red groups.

The learning behavior of these two groups of students is very different. The color of CS and ASM
in group R is lighter than that in group G. The learning participation of group G such as log clicks,
reading time, and live response was much better than group R. Then, the red group and the green
group were divided into the next level, as shown in Figure 3. It can be seen that the green group could
be further divided into three groups: upper (G1), middle (G2), and lower (G3), while the red group
could be divided into the upper group (R1) and the lower group (R2).Symmetry 2020, 12, x FOR PEER REVIEW 9 of 14 
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The upper group (R1) and the lower group (R2) of the red groups showed that the learning
performance of the two groups was quite shallow in the part of the log click and the part of the live
response. The difference is that the three students of R1 were divided into a group. The number of
non-delivery assignments, late submissions, and total payment priorities was particularly deep, as
shown in Figure 3, and the learning performance was the lowest. From the CoI theory proposed by
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Garrison, Anderson, and Archer [29], it can be seen that the R1 and R2 students had a low degree
of social presence, teaching presence, and cognitive presence. For learners in these groups, their
interactive performance, teaching content clicks, small test scores, and assignments were quite weak.
Therefore, we can define red groups as learning negative groups based on their learning behavior.

The green group can be divided into three groups: upper (G1), middle (G2), and lower (G3). G1
was relatively light in the part of the log clicks, but the color of the live answer was quite dark. From
the CoI theory proposed by Garrison, Anderson, and Archer [29], it can be seen that the G1 group of
learners had a higher degree of social and emotional connection with others. Therefore, we can define
this group as synchronized interactive active groups, according to their learning behavior.

4.3. Discussion on Conscious Learning Attitude

In the questionnaire, the question “I think my learning model for this semester” had four options,
as shown in Table 3, namely “Active learning”, “Regular learning”, “On-demand learning”, and
“Negative learning”. Active learners are not only able to learn the learning content uploaded by the
teacher, but also actively learn additional knowledge and can actively ask questions or actively help
students to answer questions. Regular learners learn the learning materials weekly and submit their
assignments on time; on-demand learners are unable to complete the learning content on time every
week, and negative learning refers to students who are too busy to undertaken this course. We then
cross-analyzed the four types of student self-identified learning patterns and hierarchical group heat
maps, as shown in Figure 4.
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Table 3. Learning mode questionnaire.

Question Active
Learning

Regular
Learning

On-Demand
Learning

Negative
Learning

I think my learning mode
for this course 1 (4%) 19 (73%) 6 (23%) 0 (0%)

As shown in Figure 4, the four conscious learning modes are represented by yellow, green, blue,
and red, respectively. The invalid questionnaires are indicated by blanks. We received 17 questionnaires
for the 23 students in the green group (G) where one was an active learner, up to 15 students were
regular quantitative learners, and one was a demand-based learner. In the red group (R), there were
15 students from whom we obtained seven valid questionnaires, among which two students were
regular quantitative learners, and five students were demand-based learners. It can be seen from
the learner’s conscious learning model that there were roughly the same conclusions as this study.
The green group (G) had better scores among the 17 valid questionnaires, up to 16 were regular
quantitative or active learners. Therefore, this study believes that learners who have a stable learning
pace can have a better learning performance in a mixed education environment. In contrast, the red
group (R) with poor grades consisted of only two of the seven valid questionnaires. The other five
were demand-based learners, that is, learners who do not have a stable learning pace, and cannot
complete the learning content provided by the teacher on time every week.

5. Conclusions and Discussion

In this paper, we explored which variables were related to the learner’s learning performance in a
mixed-education environment of mixed face-to-face courses and live-action real-time teaching in a
traditional online learning environment through educational data exploration, and which could make
predictions in the interim period so instructors could be present in the second half of the semester for
personalized guidance to be given to high-risk students. The pace of learning, synchronization, and
non-synchronization activity had a significant impact on learning performance, and then methods
of logistic regression, decision tree, and other methods were used to train the mid-term prediction
model. The class also had a high accuracy rate. Finally, the content of the self-conscious questionnaire
was discussed. The learner’s thoughts also had complementary effects on the overall research.
The conclusions can be divided into the following three major points:

5.1. Explore the Impact of Overall Learning Behavior on Learning Performance in a Mixed
Learning Environment

(1) Synchronous/non-synchronized participants have better learning performance.

The study found that active students in an online education environment will have a better
learning performance. Since this mixed education environment included traditional online courses
and live teaching, the activity level included the clicks of online teaching content and the live broadcast
environment. Under the interaction with others, high-score learners had at least one of these two
variables relatively prominent, and even some high-score learners were prominent at the same time.

(2) Learners with stable pace have better learning performance.

The learning pace also plays a very important relationship for end-of-term learning performance.
In the online teaching environment, the learning step changes discussed in this study included the
frequency of clicks on the teaching content, and whether the click-through teaching content was stable
from the beginning of the semester to the end of the semester. Moreover, from the submission of the
assignment including the time of late submission, it could be found that the high-score learners were
relatively unsuccessful in their clicks of teaching content, were stable learners, and often handed in
their assignments on time.
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5.2. Use Machine Learning to Establish an Interim Warning System to Predict High-risk Group Learners

(1) Using a mixed education environment to generate data can accurately predict high-risk group
learners during the period

After understanding the impact of learning behavior on learning performance, this study hopes
to develop a mid-term warning model so that teachers can know which learners are high-risk groups
during the study period. Compared to logistic regression and decision trees, the random forest model
had a 0.83 f1-score and 0.83 accuracy in predicting learner pass or fail variables, which shows that the
model in the study was more accurate than the other two models. This study contributes empirical
evidence to support the study results of Osmanbegović, Suljic, and Agić [22], who used classification
algorithms to determine dominant factors for the students’ performance prediction and found that
random forest had better accuracy.

(2) The model trained in this study can be extrapolated and applied to other courses to predict
learner performance.

In order to understand whether it is possible to extrapolate the model, this study built the model
for other courses, so that the same pedagogic could also be applied in the other class (B class). When we
extrapolated the model to the data collected from Class B to make predictions, there was a 0.90 f1-score
and 0.91 model accuracy. In the mid-term, students can explore their learning behaviors for the
predicted high-risk groups, improve their learning pace and lack of activity, and thus improve their
learning performance.

5.3. Model Analysis Definitions for Learner Learning Behavior

(1) Using the clustering method can explore the fixed learning mode for the learner’s learning behavior.

Through the hierarchical group heat map, it is possible to understand the learner’s learning
behavior at a glance and see that different groups of learners have different learning modes, some being
relatively prominent in the teaching content click, and some active in the live teaching environment.
This result supports the research findings of Hou [23], which addressed the analysis of learners’
potential clusters and the behavioral patterns of each cluster. Moreover, this study addressed a more
in-depth analysis integrating clustering and the heat map.

(2) Using hierarchical clustering and heat map can further define learning mode grouping from
multi-dimensional user data variables.

According to the hierarchical group heat map, according to the synchronous teaching participation
degree, the teaching content click degree and the homework paying situation, it can be seen that the
learner is roughly divided into a green group with better scores that could be further subdivided, and
a red group with poor scores. The three subdivisions in the green group were the “Interactive Active
Group”, “Stable Learning Group”, and “Teaching Content Active Group”, while the red group was
the “Learning Negative Group”. In the future, the instructor may be advised to provide different
reminders and guidance for different groups of learners such as being able to set additional reminders
for groups that have been promising their assignments, or for those who have been less engaged
in face-to-face classes. The additional interaction is believed to have a significant improvement in
learning performance and learning.

5.4. Limitations of This Study

While this study adds new insights into the application of educational data mining to explore
students’ learning patterns in the flipped learning approach, some limitations may be the subject
of future research. The questionnaires relied on self-reporting, which may not have been answered
accurately, so the sample could be biased [30]. Another limitation is that the use of a digital solution
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for collecting data might have led to a selection bias for students. Finally, this study was carried out
in specific higher education environments that use a particular LMS. The behavior data of students’
learning activities were acquired and limited from the LMS student log files and Facebook Graph
API. Thus, further generalizations to other blended learning environments must be made with care.
Therefore, based on the results we obtained in this study, in the future, educators will be able to use the
mid-term forecasting system to find high-risk groups during the semester.

With the advancement of technology and the development of social media, the possibility of
learning environments has become more diverse, which also brings different benefits to learners and
educators as learners can access the content at their own pace. Future research can refer to the course
design of this study and make more use of the interactive advantages of synchronous/asynchronous
online teaching. In addition, qualitative data can be collected and analyzed. For example, future
work will explore whether the interactive data of the learner is related to learning. Moreover, a larger
sample data and the addition of new data exploration clusters and classification algorithms might be
conducted to provide additional evidence.
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