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PAPER

A Comprehensive Study on the Relationship between 
User Experience of Mobile Learning Platforms 
and Academic Anxiety among College Students

ABSTRACT
With the rapid advancement of information technology, mobile learning platforms have 
become essential tools for college students to acquire knowledge and enhance their academic 
performance. However, the widespread use of these platforms has also introduced poten-
tial issues such as academic anxiety, adversely affecting students’ learning outcomes and 
mental health. Existing research indicates a close correlation between the user experience 
of mobile learning platforms and students’ academic performance and psychological states. 
A thorough exploration of this relationship can aid in optimizing platform design, enhanc-
ing student learning efficiency, and alleviating academic anxiety. Current research methods 
primarily employ descriptive statistics and correlation analysis, lacking systematic quanti-
tative analysis and the application of modern data mining techniques. This paper utilizes 
advanced clustering analysis methods to systematically investigate the relationship between 
college students’ user experiences on mobile learning platforms and their academic anxiety. 
The study includes predictive modeling based on clustering analysis and a detailed examina-
tion and validation of experimental results. The aim of this study is to unveil the intrinsic link 
between mobile learning platform user experience and academic anxiety, providing a scien-
tific basis for improving platform design and optimizing user experience, thereby promoting 
the holistic development of college students and enhancing educational quality.

KEYWORDS
mobile learning platforms, user experience, academic anxiety, clustering analysis, data 
mining, college students

1	 INTRODUCTION

With the rapid development of information technology, mobile learning platforms 
have gradually become important tools for college students to acquire knowledge 
and improve their academic performance. Mobile learning platforms are favored 
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by a large number of students due to their convenience, flexibility, and abundant 
resources [1–4]. However, alongside the widespread use of mobile learning plat-
forms, some potential issues have gradually emerged [5–8]. In particular, college 
students may experience academic anxiety while using these platforms due to var-
ious factors, which not only affects learning outcomes but may also have a nega-
tive impact on students’ mental health [9, 10]. Therefore, exploring the relationship 
between user experience of mobile learning platforms and academic anxiety is of 
significant practical significance and research value.

Relevant research indicates that the user experience of mobile learning platforms 
is closely related to students’ academic performance and psychological states [11–14]. 
In-depth study of this relationship can help optimize the design and functionality of 
mobile learning platforms, improve students’ learning efficiency and satisfaction, 
and provide scientific evidence to alleviate academic anxiety, promoting the physi-
cal and mental health development of students [15, 16]. Through a detailed analysis 
of the relationship between different user experience factors and academic anxi-
ety, targeted improvement suggestions can be provided for educators and platform 
developers, maximizing the educational potential of mobile learning platforms and 
advancing the process of educational informationization.

Although some studies have focused on the user experience of mobile learning 
platforms and academic anxiety, most research methods are relatively singular, 
often remaining at the level of simple descriptive statistics and correlation analy-
sis, lacking systematic and in-depth quantitative analysis [17–22]. Some studies 
also have deficiencies in the application of data clustering and relationship predic-
tion, failing to fully utilize modern data mining and machine learning technologies, 
which restricts the accuracy and generalizability of the research results. Therefore, 
there is an urgent need to adopt more scientific and advanced research methods to 
systematically explore the complex relationship between user experience of mobile 
learning platforms and academic anxiety.

This paper aims to use advanced clustering analysis methods to explore the rela-
tionship between college students’ user experience on mobile learning platforms 
and their academic anxiety. Specifically, the research content is divided into two 
main parts: the first part is to conduct clustering analysis of mobile learning platform 
user experience data and academic anxiety data based on the K-medoids algorithm 
with incrementally optimized centroids, and on this basis, predict the relationship 
between the two; the second part involves a detailed analysis of the experimental 
results to verify the effectiveness and reliability of the research methods. Through 
this study, we hope to reveal the intrinsic connection between mobile learning plat-
form user experience and academic anxiety, providing a scientific basis for improv-
ing platform design and optimizing user experience, ultimately promoting the 
comprehensive development of college students and enhancing educational quality.

2	 PREDICTION OF THE RELATIONSHIP BETWEEN USER EXPERIENCE 
OF MOBILE LEARNING PLATFORMS AND ACADEMIC ANXIETY

With the rapid development of information technology, the application of mobile 
learning platforms in higher education is becoming increasingly widespread. College 
students, as the main users of this group, have their learning experiences and mental 
health issues under close scrutiny. However, the impact of user experience on mobile 
learning platforms on college students’ academic anxiety has not been thoroughly 
studied. Exploring this study background can not only reveal potential issues in the 
practical application of mobile learning platforms but also provide valuable references 
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for the development of educational technology. The necessity of studying this issue 
is reflected in the following aspects: 1) College students are in an important stage of 
life, facing significant academic pressure and frequent psychological issues. Academic 
anxiety, as a common psychological problem, seriously affects students’ learning out-
comes and quality of life. 2) The application of mobile learning platforms in education 
is continually increasing, and students’ frequency of acquiring knowledge, complet-
ing assignments, and communicating through these platforms is also rising. However, 
whether the user experience of these platforms exacerbates or alleviates students’ aca-
demic anxiety needs to be verified through empirical research. 3) The combination of 
traditional teaching models with modern technology requires ongoing evaluation of the 
actual effects of new technologies to ensure their reasonable application in education.

To reveal the differences in students’ academic anxiety under different user 
experience patterns and to provide a basis for targeted intervention measures, this 
paper proposes a prediction method based on clustering analysis for the relation-
ship between user experience of mobile learning platforms and academic anxiety. 
Specifically, the K-medoids algorithm with incrementally optimized centroids is 
employed to cluster the mobile learning platform user experience data and academic 
anxiety data. The user experience and academic anxiety data from mobile learning 
platforms often contain complex and multidimensional features. This algorithm effec-
tively avoids the local optimal problem by proposing a candidate centroid subset and 
incrementally selecting centroids, compared to the traditional method of simultane-
ously selecting K centroids, thus better identifying and distinguishing different expe-
rience patterns and their corresponding levels of academic anxiety. The selection of 
the centroid subset and the choice of two initial centroids provide more interpretable 
clustering results. In this algorithm, the introduction of the candidate centroid subset 
and the selection of two initial centroids ensure the rationality and diversity of the 
initial centroids. By making the clustering process more robust while reducing the 
impact of noise data, we can more accurately identify which user experience pat-
terns are significantly associated with academic anxiety, thereby providing strong 
support for subsequent relationship predictions and intervention measures.

1.	 Determination of candidate centroid subset: The determination of the candidate 
centroid subset requires the exclusion of outliers and isolated points in the data. 
This is because outliers are typically far from the central area of the data; if these 
points are selected as centroids, it will lead to isolated clusters in the clustering 
results, thus affecting the interpretability and accuracy of the results. In the clus-
tering of mobile learning platform user experience and academic anxiety data, 
outliers may arise from extreme usage behavior of specific users or unusual lev-
els of academic anxiety. To identify these outliers, we need to calculate the vari-
ance of each data point. Variance reflects the degree of deviation of a data point 
from other points in its cluster.

	  Assuming a candidate centroid subset is T ⊂ F, and the dimension of the points 
is represented by l, the distance DIS (au, ak) between points au and ak can be 
defined as the Euclidean distance:
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	  After calculating the variance, a threshold can be defined based on the vari-
ance values. Points exceeding this threshold will be considered outliers and 
excluded from the candidate centroid subset. This process ensures that the points 
in the candidate centroid subset T tend to be distributed in the central area of 
the data rather than at the margins or far from other points. Next, by defining 
the candidate centroid subset T using formula (4), we can ensure it only includes 
points with smaller variances. Assuming the scaling factor is represented by η, 
specifically, formula (4) can be formally expressed as:

	 T a u v
u u

� � �� �| , ,...,� �� 1 	 (4)

	  In this way, determining the candidate centroid subset T can effectively exclude 
outliers in the prediction of the relationship between user experience of mobile 
learning platforms and academic anxiety, ensuring that the academic anxiety lev-
els of students under different user experience patterns can be accurately repre-
sented, making the selection of centroids more rational and representative, thus 
avoiding biases caused by outlier data points.

2.	 Determination of two initial centroids: In the proposed algorithm, the determi-
nation of initial centroids directly affects the accuracy and interpretability of 
subsequent clustering results. Figure 1 illustrates an example of selecting two 
initial centroids. First, we need to calculate the distance measure fu for each data 
point au. Here, fu represents the total distance of point au to all other points in the 
dataset. This measurement ensures that the initial centroid p1 is the most repre-
sentative point in the dataset, meaning it has the smallest distance to all other 
points. Specifically, the calculation formula for fu can be expressed as:
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u u k

k

v

�
�
� ( , )

1

	 (5)

Fig. 1. An example of selecting two initial centroids
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	  By calculating the fu value for each data point, we can determine the first initial 
centroid, p1, which is the point with the smallest fu. At this point, p1 can be seen as 
the centroid of the entire dataset, representing the point closest to all other points. 
Formally, this can be expressed as:

	 p ARGMIN f u v
a T u
u

1
1� �� �

�
| ,..., 	 (6)

	  After determining the first initial centroid p1, we next need to choose the second 
initial centroid p2. To ensure that the selected second centroid p2 is far from the 
first centroid p1, we choose the point that is farthest from p1 as p2. This selection 
strategy ensures that the newly added centroid can maximize dispersion, thereby 
better capturing the diversity of the data in the early stages. Formally, this can be 
expressed as:

	 p ARGMAX DIS a p u v
a T u
u

2 1
1� �� �

�
( , )| ,..., 	 (7)

	  From the above two formulas, we can see that the total distance of point 
au to all points in the dataset is the variable fu, and the initial centroid is the 
point with the smallest fu, which is p1. In practical operation, it should be noted 
that the second centroid p2 must be selected from the candidate centroid sub-
set. This is because we have previously excluded outliers and isolated points 
by calculating the variance, ensuring that the points in the candidate centroid 
subset T are more representative and stable. Therefore, even if some points 
are farther from p1 than p2, they will not be selected as p2 if they are not in the 
candidate centroid subset T. In the study of clustering analysis of mobile learn-
ing platform user experience data and academic anxiety data, the two initial 
centroids p1 and p2 determined by the above method can effectively reflect the 
intrinsic structure of the data. The first centroid p1, as the centroid of the data-
set, can represent the typical user experiences and academic anxiety levels of 
the majority of users. The second centroid p2, being the farthest point from p1, 
can capture another extreme of user experiences and academic anxiety within 
the user group.

3.	 Determination of new centroids: Assuming j centroids have been determined, a 
new centroid needs to be added. First, a candidate centroid pu is calculated within 
each cluster such that it satisfies the following equation:

	 � � �� �
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	  By using the above equation, a new candidate centroid set � � � �P p p
j

{ }, ...,
1

 can 
be generated, and the newly added j + 1-th centroid pj+1 needs to satisfy the 
following equation:

	 p ARGMAX DIS p p k j
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k
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� � �� �1
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	  The newly determined centroid pj+1 can then be merged with the original 
centroid set P to form a new set of j + 1 centroids.
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Fig. 2. An example of selecting the third centroid

	  Following the aforementioned method, by calculating the total distance of each 
data point to all other points, two initial centroids, p1 and p2, have been selected. 
These two points represent the most representative and extreme user experi-
ences and academic anxiety levels within the dataset. In the initial stage, these 
two centroids divide the dataset into two clusters, Z1 and Z2. After completing 
the preliminary clustering, further optimization of the centroids is needed to 
improve clustering effectiveness. According to the incremental optimization idea, 
we first calculate the new candidate centroids within each cluster. Specifically, 
candidate centroids ′p1 and ′p2 are generated within clusters Z1 and Z2 using equa-
tions 8 and 9. These candidate centroids are typically determined by recalculat-
ing the median or other representative positions of the points within the clusters. 
Figure 2 provides an example of selecting the third centroid.

	  Furthermore, it is necessary to compare the distances between the existing 
centroids and the new candidate centroids. The specific steps involve calculat-
ing DIS p p( , )

1 1
′  and DIS p p( , )

2 2
′ , which represent the distances between the existing 

centroid p1 and its cluster’s new candidate centroid ′p1, as well as the distance 
between the existing centroid p2 and its cluster’s new candidate centroid ′p2. 
Based on the comparison results, the candidate centroid that exhibits the great-
est distance change is selected as the new centroid. Assuming in our study that 
DIS p p DIS p p( ) ( ), ,

1 1 2 2
� � � , then according to equation 9, the newly added third cen-

troid should be ′p1. This indicates that among the existing two clusters, the position 
of the centroid within cluster Z1 has changed more significantly, and the newly 
added centroid ′p1 better represents the data characteristics within that cluster.

This incremental optimization method for centroids is very effective in revealing 
the relationship between user experience on mobile learning platforms and academic 
anxiety. The initial two clusters have already indicated the distribution of certain users 
regarding their experience and academic anxiety levels, while the newly added third 
centroid ′p1 further segments the user group, uncovering more intrinsic connections. 
For example, p1 represents users with high user experience and low academic anxiety, 
p2 represents users with low user experience and high academic anxiety, while the 
newly added ′p1 reveals a new group, such as users with high user experience but mod-
erate academic anxiety. The following is a detailed description of the algorithm process:

1.	 Data preprocessing: First, collect data on user experience with the mobile learning 
platform and data on academic anxiety. This data typically includes users’ frequency 
of platform use, satisfaction, and functionality usage, as well as their anxiety levels 
and learning pressures as psychological health indicators. Before clustering, stan-
dardize the data so that different dimensions can be compared on the same scale.
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2.	 Selection of initial centroids: After data preprocessing, select the initial two cen-
troids, p1 and p2, as the starting point for clustering. The selection of initial cen-
troids can be done by calculating the total distance of each data point to all other 
points and selecting the point with the smallest total distance as the centroid. 
These two centroids represent the most representative and extreme levels of user 
experience and academic anxiety in the dataset.

3.	 Preliminary clustering: Using the initial centroids p1 and p2, partition the dataset 
into two clusters, Z1 and Z2. Each data point is assigned to the cluster of the near-
est centroid based on its distance to the centroid.

4.	 Generation of candidate centroids: After the preliminary clustering is complete, 
a new candidate centroid needs to be generated for each cluster. The specific 
method is to recalculate the median or other representative positions of the 
points within each cluster to produce candidate centroids ′p1 and ′p2.

5.	 Comparison of candidate centroid distances: Next, calculate the distances 
between the existing centroids and the newly added candidate centroids  
DIS p p( ),

1 1
′  and DIS p p( ),

2 2
′ .

6.	 Selection of the new third centroid: Based on the distance comparison results, 
select the candidate centroid that shows the greatest distance change as the new 
centroid. Assuming in our study that DIS p p DIS p p( ) ( ), ,

1 1 2 2
� �� , then the newly added 

third centroid should be ′p1. This indicates that within the existing two clusters, 
the centroid position in cluster Z1 has changed more significantly, and the newly 
added centroid ′p1 better represents the data characteristics within that cluster.

7.	 Update clustering and iterative optimization: After adding the new centroid, reas-
sign the data points and update the cluster divisions. Each data point is reallocated 
to the cluster of the nearest centroid based on its distance to the new centroids. 
This process iterates continuously until the centroids no longer show significant 
changes, and the allocation of data points within the clusters stabilizes.

8.	 Application to relationship prediction

Fig. 3. Specific process of the proposed algorithm
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	  Through the incremental optimization method for centroids using the 
K-medoids algorithm, the final multiple centroids and clustering results can 
effectively reveal the relationship between user experience on mobile learning 
platforms and academic anxiety. The clustering results show the distribution of 
different user groups concerning their experience and academic anxiety levels, 
helping researchers identify typical user behavior patterns and psychological 
characteristics. Figure 3 illustrates the specific process of the algorithm described 
in this paper.

	  Other centroid optimization algorithms, such as FastK, DPK, and DPNMK, 
all involve the calculation of a distance matrix, which has a complexity of 
P(v2), where v represents the number of points in the dataset. The method 
proposed in this paper optimizes the selection and updating of centroids in 
several ways. First, the complexity of calculating the distance matrix is P(v2), 
which is the same as other algorithms. Next, the complexity of calculating vari-
ance is also P(v2), which is used to assess the representativeness of each data 
point to determine a more suitable subset of centroids. Then, in determining 
the candidate centroid subset and selecting the initial centroids, the complex-
ity is P(v), ensuring the efficiency of the algorithm in the initial phase. The 
complexity of the entire centroid updating process can be calculated using the 
following formula:

	 P sv j P svJ
j

J

�
�

�

�
��

�

�
�� �

2

2( ) 	 (10)

	  The complexity of the proposed algorithm can be calculated using the follow-
ing formula:

	 P v v v v v sv j P v svJ
j

J

2 2

2

2 2� � � � �
�

�
��

�

�
�� � �

�
� ( ) 	 (11)

	  The key aspect of this algorithm lies in the process of incrementally increas-
ing centroids from 2 to J. Assuming that the maximum number of iterations for 
K-medoids clustering with J centroids is s, its complexity is P(svJ). This process is 
relatively complex because each time a centroid is added, clustering and optimi-
zation need to be redone to ensure that each new centroid effectively partitions 
the data, improving clustering results.

3	 EXPERIMENTAL RESULTS AND ANALYSIS

In the experiment, we subdivided the quantitative data from the participants 
into two categories: usage behavior data and academic performance data, and 
performed clustering analysis using the K-medoids algorithm with incrementally 
optimized centroids. The usage behavior data includes students’ frequency of 
platform use, duration of use, and functionality usage rates, while the academic 
performance data includes students’ grades, completion rates for assignments 
and quizzes, as well as academic anxiety scores. Since the dataset has multiple 
attributes, it cannot be directly visualized in 2D or 3D graphs; thus, we used mul-
tidimensional scaling analysis for data transformation and extracted 2D data, 
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plotting the clustering results scatter plots for usage behavior data and academic 
performance data (see Figures 4 and 5). In Figure 4, the marked points represent 
non-candidate centroids in this algorithm, where point p1 is chosen as the opti-
mal centroid by both algorithms, representing the cluster containing all the black 
marked points in the upper left area of the figure. However, there are significant 
differences in the clusters represented by the other two centroids, p2 and p3, across 
the two algorithms. The proposed algorithm nearly splits the first cluster into two 
(red and blue points in Figure 5), and these points are closely distributed in the 
central area of the graph, suggesting they should belong to the same cluster rather 
than being split.

Fig. 4. 2D Distribution of clustering results for usage behavior dataset

Fig. 5. 2D distribution of clustering results for the academic anxiety dataset

From the analysis conclusions, the K-medoids algorithm with incrementally opti-
mized centroids shows good performance in clustering usage behavior data and 
academic performance data. The experimental results indicate that although some 
clusters exhibit splitting phenomena under different algorithms, the selection of 
candidate centroid subsets and the incrementally optimized centroids achieved the 
expected clustering effect overall, particularly in identifying and optimizing repre-
sentative centroids. Point p1, as the common optimal centroid of both algorithms, 
further validates the robustness and consistency of the algorithm. However, for the 
phenomenon of cluster splitting, it may be necessary to further optimize algorithm 
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parameters or introduce more complex clustering methods to ensure that tightly 
clustered areas of points are not incorrectly split. Overall, this study provides a pow-
erful tool for understanding the relationship between user experience on mobile 
learning platforms and academic anxiety, laying a data foundation for developing 
targeted intervention measures.

Fig. 6. Evaluation curve for predicting the relationship between mobile learning platform  
usage experience and academic anxiety

In this study, the clustering results of mobile learning platform usage experi-
ence data and academic anxiety data were evaluated using the Rand index, Jaccard 
index, adjusted Rand index, and F-measure under different scale factors. According 
to the data in Figure 6, as the scale factor increases, the Rand index peaks at 0.64 
at a scale factor of 2.5, while it remains around 0.5 at other scale factors (such as 
1, 1.5, 2, 3, and 3.5). This indicates that when using the K-medoids algorithm and 
optimizing the centroids, the clustering results can better reflect the similarity 
between samples at a specific scale factor (e.g., 2.5). The Jaccard index also shows a 
significant increase at 2.5 (0.58), while the values at other scale factors are relatively 
low, suggesting a higher overlap between clustering results and actual categories 
at this scale. The adjusted Rand index shows an overall lower level, peaking at 0.2, 
indicating that there is still room for improvement in the accuracy of clustering 
results. The F-measure reaches 0.76 at scale factors of 4 and 4.5, indicating relatively 
high precision and recall for clustering at these two scales, reflecting an overall 
ideal clustering effect. Combining the above experimental results, we conclude that 
the K-medoids algorithm with incrementally optimized centroids can effectively 
improve the clustering effect of mobile learning platform usage experience data 
and academic anxiety data at specific scale factors. Especially at scale factors of 
2.5 and 4, 4.5, the clustering performance is quite excellent, reflecting the effective 
separability of the data and the similarity between samples. However, the relatively 
low adjusted Rand index suggests that improvements are still needed in separating 
different clusters.
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Table 1. Relevant metric measurements for predicting the relationship between mobile  
learning platform usage experience and academic anxiety

Statistic Item Usage Behavior Academic Performance

Sample Size of Mobile Learning Platform Usage 
Experience

444 211

Sample Size of Academic Anxiety 663 203

Number of Interactions 2925 1475

Sparsity Value 0.011 0.033

Interaction Relationship Coefficient for Usage 
Experience Samples

6.56 7.01

Interaction Relationship Coefficient for Academic 
Anxiety Samples

4.42 7.22

Based on the data in Table 1, we can observe the relevant metric measurements 
between mobile learning platform usage experience and academic anxiety. The sam-
ple size for usage behavior data is 444, while the sample size for academic perfor-
mance is 211. For academic anxiety, the sample size is significantly higher, reaching 
663. This indicates that in this study, the collection of academic anxiety samples is 
more comprehensive, potentially reflecting the general psychological state of students 
during the use of mobile learning platforms. The number of interactions shows that 
the interaction relationships for usage behavior amount to 2925, while academic anx-
iety has 1475, indicating that students have a relatively high frequency of interaction 
while using the platform. In terms of sparsity values, the sparsity for usage behavior is 
0.011, and for academic anxiety, it is 0.033, suggesting that academic anxiety samples 
exhibit relatively higher sparsity in interaction relationships. The interaction relation-
ship coefficient for usage experience samples is 6.56, while for academic anxiety sam-
ples, it is 4.42, further demonstrating that usage behavior is more interactive, while 
academic anxiety samples appear more conservative in interaction relationships. 
From the analytical conclusions, these data suggest that there is a complex relationship 
between students’ academic anxiety levels and usage behavior under different usage 
experience modes. The high sample size of academic anxiety data implies that the 
study can better capture students’ emotional responses in different learning environ-
ments. However, the lower number of interaction relationships for academic anxiety 
and higher sparsity values imply that, although the impact of academic anxiety may be 
widespread, students’ level of interaction while using mobile learning platforms may 
be low, potentially leading to relatively small fluctuations in anxiety levels. Therefore, 
targeted intervention measures should consider enhancing students’ sense of partici-
pation on mobile learning platforms to reduce the impact of academic anxiety.

Table 2. Top N evaluation of usage behavior data (λ = 44.52)

Top N 10 20 30 50 100 200 300

KNN 3 5 8 11 16 21 32

Ridge Regression 2 2 3 5 13 25 28

Variational Autoencoders 3 10 12 16 33 58 78

Deep Hashing 5 8 8 12 12 14 31

Multi-Task Learning 5 9 12 18 32 53 78

The Proposed Method 6 10 14 23 33 56 81

(Continued)
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Top N 400 500 600 700 800 900 1,000

KNN 35 34 34 37 41 42 42

Ridge Regression 36 46 52 57 64 71 71

Variational Autoencoders 105 124 145 161 177 184 192

Deep Hashing 42 47 48 52 62 63 71

Multi-Task Learning 100 115 131 136 143 146 154

The Proposed Method 150 144 187 157 147 169 174

Table 3. Top N evaluation of academic performance dataset (λ = 42.14)

Top N 10 20 30 50 100 200 300

KNN 4 11 18 31 57 95 101

Ridge Regression 4 9 11 22 37 85 121

Variational Autoencoders 6 11 14 21 37 65 88

Deep Hashing 4 6 15 21 42 57 73

Multi-Task Learning 4 10 15 22 37 71 95

The Proposed Method 5 11 17 23 45 88 108

Top N 400 500 600 700 800 900 1,000

KNN 122 131 141 143 144 144 146

Ridge Regression 153 165 201 215 218 218 221

Variational Autoencoders 112 135 157 178 203 215 231

Deep Hashing 85 100 123 143 151 161 181

Multi-Task Learning 125 158 181 198 208 218 242

The Proposed Method 132 172 193 201 226 245 273

Based on the data in Table 2, we can observe the performance of different algo-
rithms in the top N evaluation of usage behavior data. The top N evaluations for KNN, 
ridge regression, variational autoencoders, deep hashing, multi-task learning, and 
the proposed method change with the increase in sample size. In smaller samples 
(such as top 10 and top 20), KNN and the proposed method perform relatively well, 
with scores of three and six, respectively. In larger samples (such as top 1000), the 
proposed method achieves a score of 174, which is significantly higher than other 
algorithms. This indicates that the proposed method demonstrates strong adaptabil-
ity and effectiveness across various sample sizes when handling usage behavior 
data. Overall, the proposed method outperforms traditional algorithms across mul-
tiple evaluation metrics, especially when dealing with large sample sizes, effectively 
improving clustering performance.

From the data in Table 3, we can see the differences in performance among var-
ious algorithms in the top N evaluation of the academic performance dataset. The 
proposed method performs relatively consistently in smaller samples (e.g., top 10 is 
5, top 100 is 45) and shows a significant improvement in larger samples, reaching 
273 in top 1000, far exceeding other algorithms. In contrast, KNN and ridge regres-
sion perform better in small samples, but in larger samples (e.g., top 1000), their 
performances are 146 and 221, respectively, which are noticeably lower than the 

Table 2. Top N evaluation of usage behavior data (λ = 44.52) (Continued)
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proposed method. Moreover, variational autoencoders and multi-task learning per-
form well at moderate sample sizes but gradually fall behind the proposed method at 
larger sample sizes. Overall, the proposed method shows superiority across various 
sample sizes, especially in effectively capturing data characteristics when process-
ing large academic performance datasets. The analysis suggests that the proposed 
K-medoids-based prediction method demonstrates good predictive capability across 
different sample sizes in academic performance datasets, particularly exhibiting 
strong adaptability and robustness in large samples. Compared to traditional meth-
ods such as KNN and Ridge Regression, the proposed method better identifies the 
complex relationships between academic performance and academic anxiety, pro-
viding precise data support for targeted intervention measures. This result indicates 
that the incrementally optimized K-medoids algorithm contributes to improving 
the processing effectiveness of academic performance data, leading to more accu-
rate predictions of academic anxiety in a big data environment, facilitating deeper 
research into the relationship between mobile learning platform usage experience 
and student academic anxiety.

4	 CONCLUSION

This paper employed an advanced K-medoids clustering analysis method to 
explore the relationship between college students’ experiences using mobile learn-
ing platforms and their academic anxiety, aiming to reveal the intrinsic connection 
between the two. The research is divided into two main parts: first, clustering anal-
ysis of mobile learning platform usage experience data and academic anxiety data 
using the K-medoids algorithm, and second, a detailed analysis of the experimental 
results to verify the effectiveness and reliability of the research method. The exper-
imental results include the 2D distribution of academic anxiety and usage behavior 
datasets, relationship prediction evaluation curves, and relevant metric measure-
ments, demonstrating that the proposed method outperformed traditional algo-
rithms across different datasets, providing a scientific basis for optimizing platform 
design and enhancing user experience. However, this study also has certain limita-
tions, such as the potential impact of sample selection on the generalizability of the 
results and a focus only on usage behavior and academic anxiety without consid-
ering the influence of other psychological factors. Future research directions could 
expand data sources and integrate multidimensional factors such as mental health 
and learning motivation for a comprehensive analysis, enabling a more thorough 
understanding of the relationship between college students’ learning experiences 
and psychological states in mobile learning environments. This would contribute to 
improving mobile learning platforms and enhancing educational quality, providing 
stronger support for the holistic development of college students.

5	 REFERENCES

	 [1]	 R. Shkilev et al., “Augmented reality in mobile learning: Enhancing interactive learn-
ing experiences,” International Journal of Interactive Mobile Technologies (iJIM), vol. 18, 
no. 20, pp. 4–15, 2024. https://doi.org/10.3991/ijim.v18i20.50795

	 [2]	 K. Baba, N.-E. El Faddouli, and N. Cheimanoff, “Mobile-optimized AI-driven person-
alized learning: A case study at Mohammed VI Polytechnic University,” International 
Journal of Interactive Mobile Technologies (iJIM), vol. 18, no. 4, pp. 81–96, 2024. https://doi.
org/10.3991/ijim.v18i04.46547

https://online-journals.org/index.php/i-jim
https://doi.org/10.3991/ijim.v18i20.50795
https://doi.org/10.3991/ijim.v18i04.46547
https://doi.org/10.3991/ijim.v18i04.46547


	 54	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 3 (2025)

Lu

	 [3]	 L. G. Martinez, S. Marrufo, G. Licea, J. Reyes-Juárez, and L. Aguilar, “Using a mobile 
platform for teaching and learning object-oriented programming,” in IEEE Latin 
America Transactions, vol. 16, no. 6, pp. 1825–1830, 2018. https://doi.org/10.1109/
TLA.2018.8444405

	 [4]	 L. H. Nian, J. Wei, and C. B. Yin, “The promotion role of mobile online education platform 
in students’ self-learning,” International Journal of Continuing Engineering Education and 
Life Long Learning (IJCEELL), vol. 29, nos. 1–2, pp. 56–71, 2019. https://doi.org/10.1504/
IJCEELL.2019.099244

	 [5]	 Z. G. Yu, Y. Zhu, Z. C. Yang, and W. T. Chen, “Student satisfaction, learning outcomes, and 
cognitive loads with a mobile learning platform,” Computer Assisted Language Learning, 
vol. 32, no. 4, pp. 323–341, 2019. https://doi.org/10.1080/09588221.2018.1517093

	 [6]	 J. Wen and Y. L. Zhao, “An urban and rural educational resource sharing and 
exchange platform based on cloud platform access technology,” Ingénierie des Systèmes 
d’Information, vol. 27, no. 3, pp. 515–520, 2022. https://doi.org/10.18280/isi.270320

	 [7]	 Y. Fan and L. Liu, “The impact of student learning aids on deep learning and mobile plat-
form on learning behavior,” Library Hi Tech, vol. 41, no. 5, pp. 1376–1394, 2023. https://
doi.org/10.1108/LHT-09-2021-0333

	 [8]	 K. Najmani, E. H. Benlahmar, N. Sael, and A. Zellou, “A systematic literature review on 
recommender systems for MOOCs,” Ingénierie des Systèmes d’Information, vol. 27, no. 6, 
pp. 895–902, 2022. https://doi.org/10.18280/isi.270605

	 [9]	 K. B. Ooi, J. J. Hew, and V. H. Lee, “Could the mobile and social perspectives of mobile 
social learning platforms motivate learners to learn continuously?” Computers & 
Education, vol. 120, pp. 127–145, 2018. https://doi.org/10.1016/j.compedu.2018.01.017

	[10]	 S. Karimi, “Do learners’ characteristics matter? An exploration of mobile-learning adop-
tion in self-directed learning,” Computers in Human Behavior, vol. 63, pp. 769–776, 2016. 
https://doi.org/10.1016/j.chb.2016.06.014

	[11]	 R. T. Huang et al., “Examine the moderating role of mobile technology anxiety in mobile 
learning: A modified model of goal-directed behavior,” Asia Pacific Education Review, 
vol. 23, pp. 101–113, 2022. https://doi.org/10.1007/s12564-021-09703-y

	[12]	 Y. C. Chen, “Effect of mobile augmented reality on learning performance, motivation, 
and math anxiety in a math course,” Journal of Educational Computing Research, vol. 57, 
no. 7, pp. 1695–1722, 2019. https://doi.org/10.1177/0735633119854036

	[13]	 C. H. Cheng and C. H. Chen, “Investigating the impacts of using a mobile interactive 
English learning system on the learning achievements and learning perceptions of stu-
dent with different backgrounds,” Computer Assisted Language Learning, vol. 35, nos. 1–2, 
pp. 88–113, 2022. https://doi.org/10.1080/09588221.2019.1671460

	[14]	 E. Mohammadi and A. Masoumi, “The relationship between learning vocabulary via 
mobile (Mobile-assisted language learning) and Iranian EFL learners’ social anxi-
ety and loneliness,” Jordan Journal of Modern Languages and Literatures, vol. 13, no. 4, 
pp. 775–800, 2021. https://doi.org/10.47012/jjmll.13.4.10

	[15]	 G. Bolatli and H. Kizil, “The effect of mobile learning on student success and anxiety 
in teaching genital system anatomy,” Anatomical Sciences Education, vol. 15, no. 1, 
pp. 155–165, 2022. https://doi.org/10.1002/ase.2059

	[16]	 H. T. Hou, C. S. Wu, and C. H. Wu, “Evaluation of a mobile-based scaffolding board game 
developed by scaffolding-based game editor: Analysis of learners’ performance, anxiety 
and behavior patterns,” Journal of Computers in Education, vol. 10, pp. 273–291, 2023. 
https://doi.org/10.1007/s40692-022-00231-1

	[17]	 L. Dong, S. Jamal Mohammed, K. Ahmed Abdel-Al Ibrahim, and A. Rezai, “Fostering 
EFL learners’ motivation, anxiety, and self-efficacy through computer-assisted lan-
guage learning- and mobile-assisted language learning-based instructions,” Frontiers in 
Psychology, vol. 13, 2022. https://doi.org/10.3389/fpsyg.2022.899557

https://online-journals.org/index.php/i-jim
https://doi.org/10.1109/TLA.2018.8444405
https://doi.org/10.1109/TLA.2018.8444405
https://doi.org/10.1504/IJCEELL.2019.099244
https://doi.org/10.1504/IJCEELL.2019.099244
https://doi.org/10.1080/09588221.2018.1517093
https://doi.org/10.18280/isi.270320
https://doi.org/10.1108/LHT-09-2021-0333
https://doi.org/10.1108/LHT-09-2021-0333
https://doi.org/10.18280/isi.270605
https://doi.org/10.1016/j.compedu.2018.01.017
https://doi.org/10.1016/j.chb.2016.06.014
https://doi.org/10.1007/s12564-021-09703-y
https://doi.org/10.1177/0735633119854036
https://doi.org/10.1080/09588221.2019.1671460
https://doi.org/10.47012/jjmll.13.4.10
https://doi.org/10.1002/ase.2059
https://doi.org/10.1007/s40692-022-00231-1
https://doi.org/10.3389/fpsyg.2022.899557


iJIM | Vol. 19 No. 3 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 55

A Comprehensive Study on the Relationship between User Experience of Mobile Learning Platforms and Academic Anxiety among College Students

	[18]	 W. A. J. W. Yahaya and K. M. Zaini, “The effects of a mobile App with tutorial learning 
strategy on anxiety level of secondary students,” TechTrends, vol. 64, pp. 525–532, 2020. 
https://doi.org/10.1007/s11528-020-00505-4

	[19]	 T. K. Chiu and D. Churchill, “Adoption of mobile devices in teaching: Changes in 
teacher beliefs, attitudes and anxiety,” Interactive Learning Environments, vol. 24, no. 2, 
pp. 317–327, 2016. https://doi.org/10.1080/10494820.2015.1113709

	[20]	 S. A. Ahmed, M. A. Suliman, A. H. AL-Qadri, and W. Zhang, “Exploring the intention to use 
mobile learning applications among international students for Chinese language learn-
ing during the COVID-19 pandemic,” Journal of Applied Research in Higher Education, 
vol. 16, no. 4, pp. 1093–1116, 2024. https://doi.org/10.1108/JARHE-01-2023-0012

	[21]	 H. N. Nguyen and V. H. Le, “Mobile phones’ video recording tool: A solution to fresh-
men’s English-speaking anxiety,” International Journal of Computer-Assisted Language 
Learning and Teaching (IJCALLT), vol. 11, no. 2, pp. 16–32, 2021. https://doi.org/10.4018/
IJCALLT.2021040102

	[22]	 N. Watthanapas, J. C. Hong, J. H. Ye, J. N. Ye, and Y. W. Hao, “Applying motion sensing 
gaming to learning Thai syntax: Relationship among Thai learning attitudes, language 
anxiety, gameplay flow, test anxiety and self-confidence enhancement in Thai syntax,” 
Journal of Research in Education Sciences, vol. 66, no. 3, pp. 213–246, 2021. https://doi.
org/10.6209/JORIES.202109_66(3).0007

6	 AUTHOR

Lei Lu graduated from Hebei University in 2010 and works at Hebei Vocational 
University of Technology and Engineering. Engage in ideological and political edu-
cation (E-mail: luleixpc@163.com; ORCID: https://orcid.org/0009-0003-0238-5602).

https://online-journals.org/index.php/i-jim
https://doi.org/10.1007/s11528-020-00505-4
https://doi.org/10.1080/10494820.2015.1113709
https://doi.org/10.1108/JARHE-01-2023-0012
https://doi.org/10.4018/IJCALLT.2021040102
https://doi.org/10.4018/IJCALLT.2021040102
https://doi.org/10.6209/JORIES.202109_66(3).0007
https://doi.org/10.6209/JORIES.202109_66(3).0007
mailto:luleixpc@163.com
https://orcid.org/0009-0003-0238-5602

