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Abstract—Analyzing class data collected by educational institutions is imperative for deriving measures to improve the curriculum.
Data analysis can identify students' grades and learning behaviors; on this basis, students' learning effectiveness and satisfaction can
be improved by promoting curriculum improvement. In this study, it was possible to derive students' learning patterns, key factors,
and process improvement plans necessary for the composition and development of the curriculum. The analysis results according to
the type of course taken showed that class interest was highly related to learning content understanding, and class understanding had
a weak relationship. In addition, it was found that interest in the class and understanding of the contents were important when learners
took the course, and the difficulty of the assignment was found to have no relationship with other factors except for the number of
assignments. Cluster analysis based on cross-analysis of the subject showed that the subject's difficulty, importance, and association all
play an important role, and actual academic grades do not affect it. Interest in the subject and understanding of the contents of the
class were crucial factors, and the number and difficulty of tasks did not have a significant impact. Based on these analysis results,
providing a quantitative basis for expanding learners' participation in curriculum improvement is possible. These analyses and
improvements must be carried out continuously, and the introduction of new data and technologies enables more effective curriculum
improvement by performing more detailed and accurate analyses.
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identify learner needs and develop new curricula and courses,
I. INTRODUCTION providing a better learning experience. Third, data analytics
can help identify courses that are in high demand and those
that are not and allocate resources appropriately; this can
increase the efficiency of the resources.

Curriculum data analysis from various perspectives is a
very important process and an essential step in improving the
curriculum to identify and improve the factors that affect its
efficiency and students' learning performance [4]. We
identified areas that require improvement and derived
improvement measures based on the analysis results. For
example, students with low grades and difficulty in a subject
may require improvement measures such as supplementing
the subject's content or encouraging more appropriate

The curriculum plays an important role in students'
acquisition of major knowledge and skills, growth, and
development. Therefore, it should be organized so that
students can acquire the skills and knowledge required in the
industrial field; furthermore, students should be supported to
play a better role in it. Understanding the needs of learners
while developing and maintaining an appropriate curriculum
accordingly is crucial for developing and maintaining an
appropriate curriculum and courses in university education
[1]. To this end, learners' learning outcomes should be
regularly monitored and analyzed to improve their curricula
and courses. To accomplish this, it is necessary to analyze -
data from these curricula and courses. Data analysis of the prerequisites.

curriculum and course may be conducted for several reasons The derived 1mprovement.measures are execu.ted, and.thelr
121, 3] results are analyzed. If the improvement plan is effectively

implemented, resulting in improved grades or increased
enrollment rates, the improvement of the subject is considered
successful. Improving subjects through this analysis can
improve students' learning performance and contribute

First, data analytics can help assess course performance
and identify areas of improvement, which can increase
learners' achievement. Second, data analytics can help
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greatly to improving the quality of education at universities.
Moreover, if an improved subject becomes more interesting
and popular with students, it can improve their satisfaction
with college [5].

The analysis of course data to improve the subject involves
analyzing the data regarding the subject taken by students and
suggesting ways to improve the subject. Universities can
improve the quality of education, and students can learn more
effectively [6]. Therefore, this study addresses the necessity
and purpose of analyzing course data to improve the subject.
Course data analysis for subject improvement is necessary to
improve students' learning performance. Students learn by
performing assignments, tests, and projects on the subjects
they have taken.

Hence, the subject's nature, content, difficulty, and
teaching methods significantly influence students' learning
performance. Students can improve their learning
performance by identifying these effects and deriving
improvement measures. For example, an analysis of student
performance by subject may reveal that a student finds some
subjects difficult and tends to obtain low grades. In this case,
the faculty of the subject can develop improvement measures,
such as supplementing the contents of the lecture or providing
auxiliary materials for students to understand.

Additionally, if a learner’s subject appears to impact the
subject's  understanding and  student performance
significantly, improvements can be made by identifying what
needs to be supplemented or improved in the learner's subject.
By preparing such measures, students' learning effectiveness
and satisfaction can be improved, which can also improve the
curriculum.

II. MATERIALS AND METHOD

Recently, in education, it has become necessary to improve
and modify curricula to increase their effectiveness and
efficiency. In particular, the curricula of universities play a
crucial role in the country's development and the
strengthening of the professional capacity of the people.
Accordingly, one way to improve the quality and efficiency
of university education is to improve the curriculum through
class data analysis [7].

Course data analysis collects and analyzes data on students'
educational activities, such as course records, academic
achievement, evaluation, feedback, and attendance. This can
improve students' educational experiences and help them
efficiently manage the school's educational programs. Course
data analysis uses data analysis techniques to collect and
analyze data on students' educational activities, such as
academic achievement and attendance status. This allows
schools and teachers to understand student attendance and
provide a more customized learning environment for
individual students [8].

Learning analysis aims to improve students' learning
outcomes and learning processes by collecting and analyzing
the data generated during the learning process. This allows
students to learn more effectively and teachers and schools to
improve their learning processes. Educational evaluation is
evaluating a curriculum, its goals, and students' learning
outcomes. In course data analysis, educational evaluation
aims to evaluate student learning outcomes and modify the
curriculum accordingly.
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Course data analysis is important in improving students'
learning performance by understanding their learning process
and outcomes and providing a customized learning
environment for individual students. Prerequisite verification
is the process of checking whether a student has the necessary
learners' knowledge to study, which can increase their
chances of learning success. An analysis method that
measures learners' behavior and learning activities and
analyzes them to identify individual learners' learning
situations and determines appropriate countermeasures
accordingly. Improving the curriculum and recommending
classes by analyzing the curriculum and learners' course
histories [7], [8].

Recently, many studies have been conducted to improve
the curriculum and student performance through class data
analysis. It aims to use machine learning algorithms to predict
student success and improve the curriculum. Course data is
analyzed to predict a student's success based on information
such as student attendance, grades, and assignment
submissions; this can help improve the curriculum and student
performance [9].

One study developed a curriculum recommendation system
that allows students to be recommended lectures that suit their
interests and achievements and analyzes students' records and
grades to identify students' interests and achievements [10].
This study collects and visualizes student enrollment,
attendance, and assignment submission data to develop a
dashboard that analyzes students' learning activity data to help
the faculty improve the curriculum [11].

In a study that reviewed the possibility of using data mining
using predictive analysis techniques in the field of education,
the prediction of students' chances of success was examined
by analyzing their grades, attendance, and learning patterns
based on course data [12]. In a study that explored how to
improve students' academic performance and instructional
design using learning analysis, a model that predicts students'
success was developed using learning analysis; the results of
this study may improve instructional design using that model
[13].

Some studies have suggested a participatory approach to
curriculum improvement using a data analysis framework,
suggesting that it is possible to evaluate and improve curricula
through data analysis [14]. Student feedback and academic
performance data were used to analyze methods for
continuous class improvement. The research results showed
that it is possible to improve class design and students’
learning performance using student feedback and academic
performance data [15].

As shown by a case study of data-based curriculum review,
it is possible to review and improve the curriculum using data
analysis. Some studies have presented research results that
can improve students' learning outcomes and employment
opportunities [16]. A case study of the curriculum review of
engineering programs using data analysis has shown that it is
possible to use data analysis to improve the curriculum as well
as students' learning outcomes and employment opportunities
[17].

It is possible to seek ways to improve the curriculum using
learning data from MOOC, large-scale online courses [18].
Furthermore, large-scale courses such as MOOCs have the
advantage of collecting learning data for various students



because they have few time and place restrictions; such data
collection may be difficult to conduct in the case of typical
university education as they use a different educational
method from these courses [18]. One study suggested a data
collection and analysis methodology while confirming the
possibility of improving university curricula using data
analysis techniques [19]. However, this study is limited in that
the results can only be applied to certain universities.
Educational data mining technology can be used to identify
learners' learning outcomes and preferences to help them
improve their curriculum, which results in providing
customized educational services to learners [20]. It addresses
the problem that it is difficult for students to choose an
appropriate course to achieve better academic performance
[21]. To solve this problem, researchers constructed a
curriculum knowledge graph and used it to propose a
framework for recommending an appropriate course [21]. The
greatest advantage of this study is that it makes it possible to
build a better recommendation system using a curriculum
knowledge graph [21]. Unlike previous studies, this study

provides course recommendations while considering
additional information such as prior courses and student
preferences.

However, this study has a disadvantage in that it takes a lot
of effort and time to build a curriculum knowledge graph. In
addition, it is difficult to grasp student preferences accurately.
These problems limit the applications of this research [21, 22,
23]. These recent studies examine how to improve the
curriculum using learning analytics and data analysis
techniques and show that data analysis can improve students'
learning outcomes and job opportunities.

III. RESULT AND DISCUSSION

It is crucial to evaluate and analyze a curriculum to improve
its quality [24, 25]. Various research methods can be used to
evaluate and analyze curricula [26, 27]. Class data analysis is
useful for reviewing and improving curricula [28, 29]. By
reviewing data such as class evaluations, student
performance, and course trends, educators can identify areas
that need improvement in the curriculum and adjust them to
better meet students' needs [30], [31]. Fig. 1 shows the
schematic results of the research process used in this study.
The following steps can be taken to review the curriculum and
analyze class data for improvement [6], [9], [16], [20]

1) Data collection and organization: The first step is to
collect relevant data, such as class evaluations, student grade
data, and course trends. These data can be organized using
spreadsheets or data analysis software.

2) Problem identification: Once data are collected and
organized, educators can identify problems such as
consistently low-class evaluation scores, high dropout rates,
or poor student performance.

3) Data Analysis: Statistical tools such as regression,
analysis of variance (ANOVA), or factor analysis allow
educators to identify patterns or relationships between
variables such as student performance and class difficulty.

4) Solution Development: Educators can develop
solutions for these problems based on data analysis results.
For example, if a student’s performance is consistently poor
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in a particular class, one can adjust the curriculum or provide
them with additional resources.

Data collection and
organization

l

Problem
identification

l

Data Analysis

l

Solution
Development

Implementation and
progress monitoring
of changes

l

Grade distribution
analysis

Correlation with
grades

Fig. 1 Schema of research process

5) Implementation and progress monitoring of changes:
After developing and implementing solutions, educators
should monitor the students’ progress to determine the
solutions’ impact on student outcomes; this could mean
collecting additional data, such as class assessments or
student grade data, to assess the effectiveness of the changes.
The representative methods used to conduct the data analysis
to improve the curriculum are as follows. Student grade data
and course trend analyses provide important information for
improving the curriculum, enabling the students to perform
well in class. Student grade data analysis can be performed as
follows.

6) Grade distribution analysis: The mean, median,
minimum, maximum, and other grades can be calculated by
checking the distribution of student scores; this allows
educators to determine whether the distribution of grades is
constant, whether some students score lower than others, and
the level of students with high grades.

7) Correlation with grades: The correlation between
student grades and other variables can be analyzed. For
example, the correlation between student attendance,
assignment performance, discussion participation, and class
participation can be analyzed. In addition, one can compare
distributions based on gender to identify differences between
groups. For example, there may be cases in which the
distribution of grades varies depending on gender, grade,
major, and other factors.

Course trend analysis can be performed in the following
ways.

1) Analysis of the number of students: The trends
concerning the number of students may be analyzed. If the
number of students increases or decreases, the cause may be
identified.

2) Class Analysis: The percentage of students who wish to
take the course and have completed the course registration can



be calculated; this allows students to express their interest in
the class.

3) Analysis of learners' subject relevance: The suitability
of the learners' subject can be evaluated by comparing the
learners' subject for the class with the student's completion.

4) Instructional Method Analysis: By comparing the
teaching method of the class (lecture, discussion, practice,
etc.) with whether students apply for classes, one can check
the change in course rates according to the teaching method.

5) Evaluation and Feedback  Analysis:  Students'
evaluations and feedback can be analyzed to derive
improvements. The parts of the class the students felt were
difficult and the parts needed improvement can be revealed.

In this study, a survey of students' class difficulty,
importance, and learners' subject linkage was conducted on a
5-point scale. In addition, for cross-analysis and cluster
analysis through an average analysis between groups, data on
credits were collected along with interest in professors, task
quantity, task difficulty, textbook preference, and subject
understanding. Fig. 2 shows the survey sheets containing their
opinions [32].

________ (initials or Full name)

This quesgtionnaire is for research and data collection related to it

Survey information will be used for research purposes, be sure to secure promises

1) Entry for the evaluation of the course. Please check was only taking
courses. Exclusion of the characteristics of the time course, please sir.
High or critical Prerequisite associated with high?

( Answer : ®Much Yes @Yes @Common @No @Much No )

associated

Lecture Name Difficulty is high? Importance is high? | Prerequisite is

high?

Data Structure ® & 060 &0 00 ®® 00
iscrete 60000  OOOO0 | GOOOO
Mathematics

System Programming| ® @& @ @ © ®©60000 ®© 0000
Operating System ®@® 06000 ®006 0 ®006 0

Fig.2 Survey sheet for the opinions of students

This analysis may be used to improve the curriculum. For
example, if the distribution of students’ grades is checked and
some students' grades are poor, they can be provided with
separate guidance to help them improve their grades or the
teaching methods can be improved to improve their
understanding. If the number of students decreases through
class trend analysis, the content or method of the class can be
improved to attract students' attention.

In addition, the suitability of the prerequisite course can be
evaluated and improved through class trend analysis. For
example, if students who have not completed the learner’s
course experience difficulty in the class, they can improve the
learner’s course to improve their understanding of the class.
Thus, improving the curriculum by actively utilizing the
analysis results is important. Group-specific grade analysis
classifies students according to specific criteria and analyzes
their grades; accordingly, this helps students understand their
grades in more detail and respond individually.
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Table 1 shows the results of analyzing the correlation
between difficulty, importance, prerequisite subjects, and
grade factors.

TABLEI
FACTOR CORRELATION ANALYSIS RESULTS
Difficulty Importance Pre.requlslte Grade

subject

Difficulty 1

Importance .339™ 1

Prer_equ1s1te 274* 331" 1

subject

Grade .000 -.040 -.031 1

**_ The correlation coefficient is significant at the 0.01 level (both sides).

Difficulty, importance, and prerequisite subjects were
found to be correlated, and grades were found to be unrelated
to other factors. Table 2 shows the results of the distributed
analysis of the participants through group performance
analysis.

TABLE I
RESULTS OF ANOVA BY GROUP CLUSTER
Item Cluster Error F p
Mean df Mean df

Square Square
Difficulty 17854 1 .62 991 288.86 .000
Importance  332.07 1 .70 991 476.34 .000
Prerequisit ~ 661.16 1 .66 991 1001.24 .000
e subject
Grade 1.56 1 .52 991 3.02 .083

Table 3 shows the results of the cluster analysis for group
(1) that successfully completed the curriculum and group (2)
that did not complete the curriculum.

TABLE III
CLUSTER-CENTERED ANALYSIS RESULTS
Item Cluster

1 2
Difficulty 2.98 2.13
Importance 2.84 1.68
Prerequisite subject 3.70 2.06
Grade 4 4

From the professor's point of view, cluster analysis based
on cross-analysis of the subject shows that the subject's
difficulty, importance, and player—subject association all play
an important role, and actual academic grades were not
affected. Therefore, when designing, organizing, and
operating a curriculum, it is very important to organize the
order of taking courses, and it can be seen that a roadmap for
the curriculum should be designed based on the difficulty and
importance of the course. Table 4 shows the results of
analyzing the correlation between grade, interest, assignment
mount, assignment difficulty, textbook, and understanding
factors.



TABLE IV
FACTOR CORRELATION ANALYSIS RESULTS

Grade Interest Assignment amount Assignment difficulty Textbook Understanding
Grade 1
Interest 407 1
Assignment amount -.151" .034 1
Assignment difficulty  -.068 -.005 .629™ 1
Textbook .016 .081 125 -.002 1
Understanding .169" .640™ .069 -.066 .194™ 1

**. The correlation coefficient is significant at the 0.01 level (both sides). *. The correlation coefficient is significant at the 0.01 level (both sides).

Grades were found to be correlated with interest in the
subject, number of assignments, and level of understanding.
Interest degree was correlated with the degree of
understanding, and the number of assignments had a strong
correlation with the difficulty of assignments and were also
correlated with grades. Textbooks were found to be related to
lecture comprehension, and lecture comprehension had a
strong correlation with interest, and there was a correlation
between textbooks and grades. Based on the results that were
similar to those of common sense, it can be considered that
the students' responses appeared correct. Table 5 shows the
results of the distributed analysis of professors teaching the
subject through a group performance analysis.

TABLE V
RESULTS OF ANOVA BY GROUP CLUSTER
Item Cluster Error F p

Mean df Mean df

Square Square
Grade 18.46 1 77 180 2391 .000
Interest 140.15 1 52 180  268.07  .000
Assignment 11 1 75 180 .16 .693
amount
Assignment .03 1 78 180 .04 .843
difficulty
Textbook 5.61 1 .80 180  7.06 .009
Understanding 116.50 1 .66 180 17593  .000

Table 6 shows the cluster analysis results of group (1),
which successfully completed the professor's course, and
group (2), which did not, according to the analysis of grade
variance by group.

TABLE VI
CLUSTER-CENTERED ANALYSIS RESULTS
Item Cluster
1 2

Grade 3.02 2.32
Interest 4.09 2.16
Assignment amount 2.66 2.60
Assignment difficulty 2.62 2.65
Textbook 3.04 2.65
Understanding 4.09 2.33

Based on the results of checking the distribution of grades
by semester and identifying changes in the number of students
or grades by semester, interest in the subject and
understanding of the content of the class were very important
factors, whereas task volume and difficulty did not have a
significant impact. From the perspective of instructors and
learners, students' grades can be identified in more detail
based on group performance analysis. Individual responses
can be made based on this, the curriculum can be improved,
and students' learning performance can be improved.
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The relevance analysis of prerequisite subjects analyzes the
performance of students who took them as prerequisite
subjects before taking a specific subject to understand and
learn about the importance of the prerequisite subjects.
Through this, it was possible to confirm the level at which
students should complete the prerequisite course and how
they can strengthen these courses in the curriculum.

By classifying students' grades based on the list of
prerequisites based on whether they completed the course,
students who completed the course and those who did not
complete the course had better grades in the course. Through
this analysis of the relevance of prerequisite subjects, one can
understand how to improve prerequisite subjects in the
curriculum or provide supplementary education for students
who have not completed them; this can help students learn
more effectively and improve their learning performance.

IV. CONCLUSION

This study obtained the following results by analyzing data
such as students' course records, subject grades, player subject
relevance, and credits to derive measures for improving the
curriculum. The basis for determining whether the subject is
popular with students and whether it is essential in the current
curriculum has been established by grasping the trends
concerning each subject.

For popular subjects or professors, finding ways to further
strengthen or supplement the subject is necessary. Although
this is an essential subject, it was found that if the enrollment
rate or the number of students who have completed it is low,
it is necessary to analyze the motivation of students to take the
course and find ways to improve it.

As a result of conducting cluster analysis based on cross-
analysis and average group analysis, it was possible to
identify the subjects with which students had difficulties.
Students who have difficulty taking a course can improve
their understanding by providing opportunities to retake or
review the course. In addition, students with excellent grades
can be further developed by providing feedback on class
content or activities that they can actively participate in.

The credits students receive on the subject are closely
related to its difficulty, importance, and course trends. By
analyzing this, the criteria for granting credit can be
supplemented. The results of this study play a very important
role in improving university curricula. The results of these
studies can be used to improve the curriculum by identifying
the achievement of students in each subject, the academic
achievement of students, and the causes of success and failure
in the curriculum; this can contribute to the further
development of the university's educational program and the
improvement of students' academic achievement.
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