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Abstract: This study utilizes multidimensional background information data from 280 students majoring in Chinese
language education at a university. Employing data mining and K-means clustering techniques, the study conducts
qualitative and quantitative statistical analysis and mining of students' learning data to gain insights into their
learning motivations, explore their learning profiles and habits, and uncover the correlations between learning
behaviors and academic performance. This research aims to provide theoretical support for teachers in developing
teaching strategies and improving instructional practices. Analysis indicates that over 70% of students engage in
outdoor activities three or more times, and those who consistently eat breakfast on time and review before class
demonstrate superior academic performance. Strict attendance requirements in the classroom are correlated with
final course grades. Based on these correlations, teachers can adjust their teaching strategies and methods to enhance
instructional effectiveness.
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1. Introduction

Chinese language education is an important means of cultivating students' comprehensive
understanding of the Chinese language and Chinese literature, as well as preserving and promoting the
excellent traditional culture of the Chinese nation [1-2]. In the current educational environment, due to
the dry content of Chinese language education and outdated teaching methods, students lack interest in
learning, and learning outcomes are not significant [3-5]. This not only requires reforms in educational
content and improvements in teachers' teaching abilities but also necessitates a student-centered
approach, analyzing students' learning habits to improve teaching strategies and lay the foundation for
enhancing Chinese language education [6-8].

Previous analyses of students' learning habits primarily relied on teachers' observations and analyses,
which were subject to subjective biases and hindered the implementation of effective interventions.
However, with the development of information technology, the application of data mining methods can
significantly improve the efficiency and accuracy of analyzing students' learning habits, thereby assisting
teachers in refining their teaching strategies [9-12]. Data mining is an interdisciplinary field
encompassing knowledge from statistics, machine learning, databases, and other disciplines. In practical
applications, data mining methods are often combined with big data technology to help businesses and
organizations better utilize their data resources [13-16]. In the analysis of Chinese language education
students' learning habits, data mining methods achieve student learning habit analysis through data
collection and integration, core analysis techniques, etc., providing references for course design
optimization, resource recommendations, and teaching strategy improvements in Chinese language
education [17-20].

Reference [21] proposed a student learning performance prediction framework based on behavioral
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models, aiming to comprehensively describe students' behavioral characteristics. This framework can
assess students' mastery of knowledge, provide references for improving teaching strategies, and offer
personalized learning services. Literature [22] employs K-Means clustering analysis to examine student
behavioral patterns based on learning hours, attendance rates, and tutoring time, with the objective of
understanding their impact on learning outcomes. It also highlights the significant role of educational
data mining methods in providing personalized education. Literature [23] explores the application of
association rule mining in student behavior data analysis, proposing updates to existing mining
algorithms to address issues of over-scanning and over-iteration in the original dataset. The study shows
that the improved mining algorithm reduces the number of iterations and enhances the efficiency of
mining student behavior datasets. Literature [24] highlights the role of learning analytics technology in
understanding student behavioral characteristics, proposing the “learning habit mining” method to
support students in establishing learning habits, and suggesting intervention measures to enable students
to develop learning habits based on evidence from learning logs.

Literature [25] highlights the application and advantages of technology-assisted tools in teaching,
while emphasizing the limitations of current research. Based on this, association rule mining and
sequence pattern mining methods were employed to analyze the correlation between student learning
effectiveness and learning characteristics, effectively providing teaching references for educators and
enhancing instructional outcomes. Literature [26] introduces the application of big data in the collection
and analysis of student behavioral data, indicating that the extraction of student behavioral characteristics
facilitates understanding of students' learning processes and influencing factors, and enables prediction
of student performance and adjustment of teaching strategies. Literature [27] aims to analyze effective
learning behaviors of students online based on data mining. By constructing a learning behavior mining
model and utilizing improved algorithms to mine and analyze learning behavior data, it emphasizes the
effectiveness of improved algorithms in student behavior analysis. Literature [28] highlights the
important role of learning analytics in improving learning outcomes and introduces commonly used
methods in learning analytics. The research findings assist teachers and school administrators in
developing learning tools and applying learning analytics to enhance and predict students' academic
performance. All the above studies affirm the importance of analyzing student learning behaviors and
propose methods such as K-Means clustering analysis, association rule mining, and data mining. These
methods facilitate the analysis of students' learning habits and enable teachers to improve teaching
strategies based on the deficiencies in students' learning habits.

This paper uses data mining as a tool to analyze the multidimensional background information data of
280 students majoring in Chinese language education at a university, specifically focusing on their
academic performance and behavioral habits. Through a questionnaire survey, information was collected
on five key indicators: interpersonal relationships, personality traits, family background, social
experiences, and health status. The K-Means clustering algorithm was employed to construct a clustering
model, uncovering correlations between academic performance and behavioral habits. Based on these
findings, recommendations were provided from the perspectives of teaching methods, curriculum design,
teaching quality, and decision-making.

2. Related Methods
2.1. Data Collection

First, to obtain multidimensional background information data on students, this study designed a
survey questionnaire covering five background domains of students, collecting relevant information
from 280 students majoring in Chinese language education at universities. The survey questionnaire
included five attributes: interpersonal relationships, personality traits, family background, social
experience, and health status.

The five measurement indicators are shown in Figure 1, with each attribute containing three specific
measurement indicators. We selected these five attributes because they are generally considered to be
important factors influencing students' learning habits. For example, students' interpersonal relationships
and social experiences may affect their teamwork abilities and social adaptability. Personality traits may
influence their learning styles and motivation. Family background may impact their learning
environment and resources. Health status may affect their learning efficiency and endurance. Therefore,
information from these five aspects provides us with a comprehensive perspective on students' learning
profiles. Additionally, to provide a comprehensive description and evaluation of students' learning habits,
we designed a survey questionnaire to statistically analyze students' learning habits. This questionnaire
primarily characterizes students' learning habits from five aspects, assessing their learning situations
from multiple dimensions.
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2.2. Problem Definition

In this study, we use the type of student learning habits in the student profile as a primary indicator for
measuring student learning profiles. The five aspects of background information on students
(interpersonal relationships, personality traits, family background, social experience, and health status)
mentioned in the statistics are considered as factors influencing student learning habits. We treat the
prediction of learning habit types as a classification task, aiming to determine which factors have a higher
impact on students' learning abilities. In the experimental design, each student is represented by a
five-dimensional feature vector, with each vector containing three metric scores. The label is the
student's learning habit type. The learning habit type prediction task is defined as follows:

Problem definition: Given the five-dimensional feature vector of student S , as shown in Formula

(1):
Sz{sl,sz,---,sn},sl.z{xl,xz,x3},n=5 (1)

Among these: §; represents the indicator scores for the five main factors, and X, represents the

specific indicators under each factor, such as the number of friends in one's social circle, the frequency of
social activities, and the score for teamwork ability in interpersonal relationships.
The student's learning habit type is ¥ € {1,2,3,4,5} and corresponds to the five different student

learning types {4, B,C, D, E} . These five types are derived from a learning habit survey questionnaire,

with themes including learning time management, learning methods, learning motivation, learning
environment, learning pressure, and coping strategies.
The student's learning habit type prediction task can be described as learning a mapping function:

F:SxA—y )

Where: A is the mapping matrix, and y is the student's learning habit type. The prediction problem

is a classification task, with the goal of predicting the learning habit type of a specific student profile.

The objective of this paper is to identify indicators from various background metrics that are strongly
correlated with student learning habits. These indicators will serve as key references for subsequent
course design and learning habit enhancement for students.

2.3. Data Mining Methods
2.3.1. Algorithm Flow

The general process of data mining includes: defining the problem, data collection, data
preprocessing, data mining, and model representation and interpretation. Defining the problem. The
purpose of data mining is to discover knowledge, and clearly defining the objectives of data mining is a
solid foundation for successful data mining. Data collection. After clearly defining the problem, relevant
data that can solve the problem must be collected.



Data preprocessing. Typically, the collected data is large and unorganized. To ensure the data meets
the requirements for data mining, preprocessing operations must be performed. Data preprocessing
generally includes data cleaning (filling in missing values, removing duplicate values, etc.), data
integration (converting data from different sources and integrating them into a specified format), data
selection (removing data that has little or no impact on data mining and filtering out meaningful, relevant
data), and data transformation (performing standardized operations on the data). Data mining. This step
is the core step in the entire data mining process. Based on the structure and nature of the data obtained
through preprocessing, appropriate data mining algorithms are selected to perform data mining and
construct corresponding models. For some data mining algorithms, the dataset must be divided into
training and testing datasets, with the training dataset used to build the model and the testing dataset used
to evaluate the model's performance. Model representation and interpretation. The results obtained from
data mining are often a series of data displays. Researchers need to interpret the results manually, remove
redundant or irrelevant patterns from the mining results, extract understandable information or patterns,
and present them to users in an intuitive and easy-to-understand manner.

2.3.2. K-Means Clustering Algorithm

(1) Definition of K-Means

The K-Means algorithm is a clustering method based on partitioning. This algorithm groups data
objects into multiple classes or clusters such that objects within the same cluster exhibit high similarity,
while objects in different clusters exhibit significant differences, resulting in dense clusters and sparse
inter-cluster relationships. The K-Means algorithm uses object distance as an indicator; the closer two
objects are in distance, the higher their similarity. Therefore, each cluster is composed of objects that are
close in distance. The main idea of the K-Means algorithm is as follows: first, a constant K is determined
in advance, where K represents the final number of clustering categories. Then, K initial points are
randomly selected as cluster centers. By calculating the similarity between each sample and the cluster
centers, the samples are assigned to the most similar cluster. Next, the centroids of each cluster are
recalculated, and this process is repeated until the centroids no longer change, ultimately determining the
category to which each sample belongs and the centroid of each cluster.

This paper applies the K-Means algorithm to perform comprehensive clustering of students'
behavioral characteristics and academic performance. Based on the characteristics of students within
each category, it guides student learning and provides decision-making support for teachers to improve
their teaching. Additionally, the categories generated by this algorithm are compared with those obtained
from the previous decision tree algorithm to further confirm the association between students' behavioral
characteristics and academic performance.

(2) K-Means Workflow

Assuming the input data sample is S =1,,1,,1,...,1, , the algorithm workflow is as follows:
a) Clustering begins, and K initial centroids J, J,, J3,---,J, are determined.

b) Measure the distance from each sample #, to each centroid and assign it to the class of the nearest

centroid.

c¢) Recalculate and select new centroids within the already classified classes.

d) Iterate several times until the distance between the new centroids and the original centroids is equal
to or less than a specified threshold.

(3) Advantages and disadvantages of K-Means

The K-Means algorithm is simple in principle, easy to implement, suitable for analyzing large-scale
datasets, and produces relatively good clustering results. However, it requires the prior determination of
the K value, which is very difficult to estimate. In most cases, we do not know in advance how many
categories the given dataset should be divided into for optimal results. Additionally, the initial
partitioning of the cluster centers has a significant impact on the clustering results; if the initial cluster
centers are chosen improperly, effective clustering results may not be obtained [29].

3. Analysis of Student Learning Habits Based on the K-Means Clustering Method

3.1. Descriptive Analysis of Students' Learning Habits

(1) Breakfast Eating Habits

To facilitate statistical analysis and comparison, this study selected the most frequently chosen
behavior options from the questionnaires of different student groups for statistical analysis. In terms of
breakfast behavior habits, the study selected the option “eat breakfast at a fixed time every day.” As
shown in Figure 2, it can be seen that over 60% of all students have the habit of eating breakfast at a fixed
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time every day, meaning that more than half of the students eat breakfast at a fixed time. Among the
various student groups, students in group type “B” have the highest proportion of students with this habit,
while students in group type “D” have the lowest proportion. In terms of similarity, the four student
groups can generally be divided into two categories: student groups “A” and “B” are similar, while
student groups ‘C’ and “D” are similar. The proportions of students in groups “A” and “B” both exceed
the overall student proportion, while the proportions of students in groups “C” and “D” are both below
the overall student proportion. By comparing the academic performance of students in groups “A” and
“B” with those in groups ‘C’ and “D,” it can be observed that there is a correlation between breakfast
eating habits and academic performance, with students who consistently eat breakfast at regular times
demonstrating superior academic performance.
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Figure 2 Student group breakfast quality statistics and breakfast behavior profile

(2) Students' activity habits

This paper includes two dimensions in the statistics and analysis of students' activity habits: the
number of times they engage in physical activities per week and the duration of these activities. In terms
of the number of times they engage in physical activities per week, this paper uses the option of engaging
in activities three or more times per week in the questionnaire as the standard for measurement. The
following is the distribution of students who engage in activities three or more times per week as a
proportion of students of the same type and all students. Students' activity habits are shown in Figure 3.

As shown in the figure, more than half of students in all categories engage in outdoor activities three
or more times per week. Among them, students in the “B” category have the highest proportion of
students engaging in outdoor activities three or more times per week, while students in the “A” category
have the lowest proportion. The proportion of all students engaging in outdoor activities three or more
times per week exceeds 70%, indicating that most students are able to relieve themselves from the
pressures of academic work through moderate exercise, maintaining physical and mental well-being.
Regarding the duration of activities, this study selected the most frequently chosen option in the
questionnaire, which was the time segment of “30 minutes to 45 minutes.” Below is the proportion of
students from different groups who engage in activities during this time segment. It can be seen that
students from groups “B” and ‘D’ have a higher proportion of students who maintain the habit of
engaging in activities for “30 minutes to 45 minutes,” indicating that these two groups have a longer
duration of physical activity compared to other groups. It can be seen that both types of students have a
preference for physical activity. Students in group type “C” have the lowest proportion in this habit.
Compared to the overall student population, students in group type “C” maintain a higher frequency of
outdoor activities but do not invest significantly in activity duration.
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(3) Students' pre-class preparation habits

This study's investigation into students' pre-class preparation habits includes two aspects: the
duration of pre-class preparation and attitudes toward pre-class preparation. Regarding the duration of
pre-class preparation, this study selected the questionnaire options “15-30 minutes” and “over 30
minutes” as the standard for pre-class preparation duration, meaning that students who chose “over 15
minutes” for pre-class preparation time were considered to have the habit of preparing for class for over
15 minutes.

As shown in Figure 4, it can be observed that students do not place a high priority on the duration of
pre-class preparation before assignments. Only 44.8% of all students engage in pre-class preparation for
15 minutes or more. However, students in groups “A,” “B,” and “D” do place importance on this habit.
Among these habits, students in group type “A” have the highest proportion at 64.5%, while students in
group type “D” have the lowest proportion at 46.25%, but both exceed the overall student proportion in
this habit. Among the four student groups, students in group types “A” and “B” have a higher proportion
of students with a pre-class preparation time of over 15 minutes than students in group types ‘C’ and “D.”
It can be seen that students in groups “A” and “B” place greater emphasis on the habit of previewing
before assignments. The attitudes of students toward previewing before class also reflect their emphasis
on this habit. This study statistically analyzed the choices made by students regarding their attitudes
toward previewing before class and compiled the most frequently selected options.

It can be seen that the overall attitude of students toward whether pre-class preparation is helpful for
in-class learning is not very positive, with only 36.8% of students believing it is very helpful and 42.7%
believing it is sometimes helpful. However, the attitudes of students in groups A and B are completely
opposite, with 61.8% and 51% of students, respectively, believing that pre-class preparation is very
helpful for in-class learning.
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(4) Students' review habits

This study investigated students' review habits in two aspects: the duration of pre-assignment review
and post-class review. In terms of the duration of pre-assignment review, this study selected review
habits with a duration of 15 minutes or more as the statistical measurement standard. The distribution of
students with pre-assignment review durations of 15 minutes or more across different student types is
shown in Figure 5.

It can be observed that in terms of after-class review habits, students in group type “A” demonstrate
methods that are more effective in understanding and absorbing learned knowledge compared to other
student groups. Their proportion within their own group type is also the highest, significantly exceeding
the overall student proportion in this after-class review habit category. Students in group type “C” have
the simplest methods for post-class review compared to other student groups. This group has fewer habits
for pre-assignment review and post-class review. Although their performance is better than that of
students in group type “D,” they should still feel a sense of urgency, as there is a possibility of being
overtaken.
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3.2. Cluster Analysis of Students' Learning Habits

A K-means clustering analysis was conducted on four indicators of students' learning habits: class
attendance rate, book borrowing volume, number of visits to the library, and duration of study time.
When the number of clusters was set to four, the clustering results were optimal. The proportions of
students in each cluster and the average values of each indicator for each cluster are shown in Table 1. As
shown in the table, the first type of student has a high attendance rate in class, borrows few books, visits
the library frequently, and has a long study duration. These students likely attend classes regularly and
study in self-study rooms and libraries, but borrow few books from the library, possibly because they
prefer to read books in the library without borrowing them.

The second type of student has a relatively low attendance rate, poor classroom attendance, borrows
few books, visits the library infrequently, and has a shorter study duration. This indicates that such
students often skip classes, lack sufficient effort in their studies, and are among the less academically
motivated students in the school. School counselors should closely monitor the academic performance of
such students and promptly urge them to strengthen their study discipline and cultivate good study habits.
The third type of student has a high attendance rate in class, borrows a significant number of books from
the library, visits the library frequently, and spends a considerable amount of time studying. These
students are likely to be diligent and hardworking, making consistent efforts both in and out of class,
willing to invest time and effort into learning, and possessing good study habits. The fourth type of
student has average attendance rates in class, borrows fewer books from the library, visits the library less
frequently, and spends less time studying in the self-study room. These students merely attend classes
regularly but spend little time studying after class, exhibit low levels of effort in their studies, and invest
minimal energy in their academic pursuits. They may belong to the category of students who neglect their
studies during regular periods and resort to last-minute cramming before exams. It is recommended that
such students cultivate regular study habits and reasonably allocate their study time. Overall, students'
attendance rates in class are generally good. The reasons for this may be, on one hand, that teachers
strictly enforce attendance requirements linked to final course grades, and on the other hand, that some
students may have others swipe their cards for them. Students' book borrowing rates are relatively low,
with some students not borrowing a single book in an entire semester. It is recommended that students
expand the breadth and depth of their knowledge by increasing their book borrowing rates, as the school
library is a treasure trove of knowledge.



Table 1 student learning clustering results

Entry and
Learning Student Attendance Book exit Learning )
class ratio rate borrowing library length Commparison
times

1 32.68 95.87 7.8 30.2 154.7 HLHH

2 11.95 86.28 3.5 11.7 85.7 LLLL

3 12.45 92.46 16.4 26.8 133.6 HHHH

4 43.28 90.17 8.5 17.4 117.6 LLLL
Mean 91.87 8.7 22.8 127.8

3.3. Improvements to Teaching Strategies
3.3.1. Selecting Teaching Methods

In the process of higher education teaching, instructors typically employ one or more teaching
methods and approaches to fulfill the instructional objectives of their courses, such as lecture-based
instruction,  discussion-based  instruction, experimental methods, self-directed learning,
demonstration-based instruction, and case-based instruction. Different courses may employ different
teaching methods, and these methods are typically stored in a teaching management data warehouse.
Therefore, data mining techniques can be used to extract useful data from the data warehouse. By
applying data mining functions such as regression linear analysis and association rules to analyze the data,
instructors can make informed decisions about which teaching methods are suitable for specific
professional classes and student groups, optimize teaching strategies to meet student needs, and adopt
different teaching methods for different professional classes to address varying instructional content
requirements.

3.3.2. Arranging Course Offerings

Currently, there is an issue of unreasonable course settings in universities. For example, students are
unwilling to study certain courses, and even if they do study them, they will not be useful in society.
Offering such courses is a waste of teaching resources. By utilizing data mining's association analysis
and statistical analysis functions, useful rules and information can be extracted from the massive amounts
of data in the teaching management data warchouse. This can guide universities to make reasonable
course settings that are conducive to improving student performance and employment prospects.

3.3.3. Evaluating Teaching Quality

By utilizing data mining methods to analyze and process the massive amounts of data collected in the
teaching evaluation data warehouse, including student academic performance data, behavioral records,
and student feedback on teacher instruction, it is possible to promptly obtain evaluation results regarding
student learning and teacher instruction effectiveness. This enables timely correction of any negative
learning behaviors exhibited by students during the learning process and allows for prompt
improvements to issues arising in teacher instruction, thereby achieving the optimal integration of the
teacher's guiding role and the student's active role in the learning process.

3.3.4. Decision-Making Student Behavior

By leveraging data mining techniques such as association analysis, clustering analysis, deviation
analysis, and evolutionary analysis, valuable data can be extracted from the massive datasets in a
management data warechouse. This enables the analysis of students' daily behavioral patterns, the
identification of intrinsic connections between various behavioral activities, and the understanding of
students' learning status. This enables teachers to help students achieve more effective learning outcomes
in a shorter time, helping students avoid detours, thereby enhancing their overall quality and learning
abilities, refining their character, and contributing to improving the overall spiritual outlook and learning
atmosphere of the school.



4. Conclusion

To investigate the application of data mining methods in analyzing the learning habits of Chinese
language education students, this study took 280 students majoring in Chinese language education as the
research subjects, collected their multi-dimensional background information data, and employed the
K-means algorithm and data mining techniques for big data processing. The aim was to analyze the
relationship between college students' behavioral characteristics and learning outcomes, and based on
this analysis, to improve teaching strategies and enhance teaching effectiveness. The study found that
statistical analysis was conducted on eight questions across four dimensions: breakfast habits, exercise
habits, pre-class preparation, and post-class review. These included breakfast habits, breakfast quality,
frequency and duration of outdoor exercise, pre-class preparation time, attitude toward pre-class
preparation, review time before homework, and post-class review methods. The results showed that
students who regularly ate breakfast, engaged in regular exercise, and had habits of pre-class preparation
and post-class review tended to perform better academically.
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