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Abstract This study addresses grammar correction tasks in English education by proposing the GET-MF model, 
which optimizes correction efficiency and adaptability through modular design. By integrating unsupervised 
clustering technology, personalized teaching strategies are developed. Using 100 English major students from a 
certain university as the research subjects, the effectiveness of digital English education is validated through the 
Global Competence Level Questionnaire and tests. The mean global competence score of the experimental group 
(4.02) was higher than that of the control group (3.74), and there was a significant difference in global competence 
between the two groups (p=0.002). The mean global competence score of low-level students in the experimental 
group (3.82) was lower than that of high-level students (4.04), and there was no significant difference in global 
competence between low-level and high-level students (p > 0.05). Additionally, there was no significant difference 
in the pre- and post-test scores of global competence among low-level students (p > 0.05), while there was a 
significant difference in the pre- and post-test scores of global competence among high-level students (p = 0.002). 
 
Index Terms English education, GET-MF model, unsupervised clustering, grammar correction, personalized 
teaching 

I. Introduction 
The digital transformation of English education refers to the process of leveraging modern information technology 
to drive profound changes in English education models, educational content, teaching methods, and school 
management, with the aim of enhancing the quality and efficiency of English education [1]-[3]. As information 
technology continues to advance and educational demands grow, the digital transformation of education has 
become a critical task in educational reform [4], [5]. Accelerating the digital transformation of English education and 
continuously promoting the deep integration of information technology with educational governance and teaching 
practices is not only an urgent requirement for the high-quality development of English education but also an 
important manifestation of fulfilling the fundamental task of cultivating virtue and fostering talent [6]-[9]. 

The digital transformation of English education holds multiple significances, including the following key aspects: 
(1) Improving educational quality: Digital technologies can provide teachers with abundant teaching resources and 
diverse teaching methods, helping to stimulate students' interest and enthusiasm for learning, thereby enhancing 
teaching quality [10]-[12]. Additionally, digital technologies can enable personalized instruction to meet the diverse 
learning needs of students, promoting their comprehensive development [13], [14]. (2) Expanding educational 
resources: Digital technology can break through geographical, temporal, and spatial constraints, enabling high-
quality educational resources to be disseminated and applied more widely [15], [16]. Students can access high-
quality educational resources from around the world through the internet, broadening their knowledge and 
enhancing their overall competence [17], [18]. (3) Promoting educational equity: Digital technology can reduce 
educational costs, enabling more students to access high-quality education [19]. Especially in remote and 
impoverished areas, digital technology can help narrow the educational gaps between urban and rural areas and 
between the wealthy and the poor, thereby promoting educational equity [20], [21]. (4) Cultivating innovative talent: 
Digital technology provides students with abundant practical opportunities, helping to foster their innovative thinking 
and practical skills [22], [23]. In a digital environment, students can better leverage their creativity to contribute to 
societal development [24]. 

Literature [25] examines the advantages of educational digital transformation and analyzes reform strategies for 
university English education in the context of transformation, aiming to provide references for educators and 
stakeholders in the education sector. Literature [26] constructs an English multi-modal teaching system centered 
on the integration of multi-modal resources through promoting the application of multi-modal teaching models, 
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optimizing teaching design, and improving the course evaluation system, aiming to promote students' 
comprehensive development in knowledge, skills, and abilities. Literature [27] examined datasets on students' and 
teachers' use and perceptions of digital tools, revealing that both groups use a limited number of digital technologies 
to complete primary assimilation tasks, and proposed recommendations to support broader use of technology for 
educational purposes. Literature [28] explores the digital transformation of foreign language teaching, emphasizing 
that it not only provides new opportunities and roles for teachers and students but also enables them to benefit from 
the digital transformation. It also highlights the promotional role of digital transformation in enhancing motivation for 
foreign language learning. 

Literature [29] discusses the concepts of “creative thinking” and “creative thinking skills,” explores the possibilities 
of creative collaboration between teachers and students, and finally investigates the impact of corpus technology in 
an experimental design on the development of students' creativity, revealing that corpus technology plays an 
important role in enhancing students' creative thinking abilities and English learning efficiency. Literature [30] 
examines the impact of digital transformation on vocational English education in China, elucidating the positive 
effects of digitalization on teaching methods and educational quality, and revealing that the application of 
technologies such as online learning management systems and virtual reality enhances the interactivity and 
practicality of vocational English education. Literature [31] identifies issues in digital English teaching at the junior 
high school level, analyzes other unidentified problems through case studies, and communicates solutions based 
on data collected in this field. 

This paper first proposes the GET-MF model, which breaks down the error correction task into error type 
prediction and specific modification execution. Unsupervised clustering technology is introduced to provide a basis 
for personalized teaching. A sample of 100 students majoring in English at a key university in City C, Province A, 
was selected as the research subjects, with a one-year teaching practice period established. Based on user 
behavior records from the teaching platform, cluster analysis was conducted to explore the learning styles and 
motivation types of the experimental group students. Combining questionnaire and test results on global 
competence levels from both groups of students, a systematic analysis was conducted on the impact of digital 
teaching on learners' global competence. 

II. Digital-driven English grammar error correction and personalized teaching 
technology roadmap 

In the context of global educational digital transformation, English education is undergoing a shift from traditional 
experience-driven to data-driven approaches. In traditional English instruction, grammar correction relies on manual 
feedback, which is inefficient and unable to meet personalized needs; the diverse characteristics of learners' styles 
and motivations also require teaching decisions to be more precisely tailored to individual needs. In this context, 
learning analytics, as a key technology connecting educational data with teaching practices, offers new pathways 
for optimizing teaching decisions by analyzing learner behavior data, cognitive characteristics, and emotional states. 

This study focuses on two core issues in the digital transformation of English education: first, how to enhance the 
efficiency and adaptability of grammar correction through technological tools; second, how to achieve personalized 
optimization of teaching decisions based on learner characteristic analysis. 

 
II. A. Overview of the GET-MF Model 
This paper first redefines the task of automatic grammar correction. Given a sequence 

1( , , )nx x x   containing 

grammatical errors, we want to modify it without changing its original meaning and restore it to a sequence 

1( , , )Ny y y   without altering its original meaning, where n  and m  may not be equal. For this purpose, we 

define an automatic grammar correction task as follows: given a sequence x  containing grammatical errors, for 
each , 1, ,ix i n   , output a combination 1( , ), ,

ii i i i ez e w e E w V    , where 
ie   is the modification method 

corresponding to 
ix , and 

iw  is the word corresponding to 
ix  and 

ie . 

Specifically, if 
ie  is to keep 

ix  unchanged or delete 
ix , in this case we do not need to output any words, then 

eiV   ; if 
ie  is to insert a word before 

ix  or replacing 
ix  with another word, then 

eiV  is all the words that can 

be used in that sequence. 
Correspondingly, a grammar error correction model M  is defined as: 
 1 1 1( ) ( , , ) (( , ), , ( , )), ,

in n n i i eM x z z z e w e w e E w V       (1) 

Based on the above definition, we further divide the task of correcting grammatical errors into two tasks that can 
be completed sequentially and propose a modularized approach to the model, constructing GET and MF modules 
corresponding to the two tasks. 
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First, the GET module attempts to assign an error label 
ie  to each token in a text sequence 

1( , , ),nx x x   
where 

ie E . Unlike some studies that predict the error type for each token (e.g., verb tense, incorrect use of 
definite articles, or incorrect use of prepositions), we adopt an editing-label approach, aiming to predict the optimal 
modification method for each token. Here, we only propose whether modification is needed and what kind of 
modification is needed. For each token at each position, we output a feasible modification method 

ie  , which 
includes retention, replacement, insertion, deletion, etc. Therefore, the GET module is defined as: 

 
1( ) ( , , ),n iGET x e e e e E    (2) 

Second, the MF module modifies the original sentence after obtaining the editing label. There are two main types 
of modifications. The first type does not require any additional information and can be completed based on the label 
alone. The second type requires searching for the best word in a certain vocabulary after obtaining the label. For 
the second type, we propose using another masked language model or existing manually coded rules to predict the 
content that needs to be supplemented or replaced. Therefore, the MF module is defined as: 

 1( , ) ( , , ),
in i eMF x e ze w w w V    (3) 

The basic structure of the GET-MF model is shown in Figure 1. We have divided the model into two modules: 
GET and MF. In the GET module, since the model only needs to predict the modifications required for each word, it 
simplifies the output space of a general grammar error correction model while ensuring no duplication or omission, 
enabling this module to focus more on the task during training and prediction. In the MF module, the words that the 
model can correct are no longer limited to the finite vocabulary defined during model design. The expansion of the 
vocabulary output by the module does not significantly impact the model's speed. Furthermore, for texts with 
different themes, the module's output word distribution can be adjusted through fine-tuning, enabling it to better 
adapt to syntax correction in various contextual settings. 

 

 

Sequence2Edit Model

If tag != $Keep 
and tag != $Delete

g-transformation
Spell checker

Masked Language Model

Input sequence of tokens 1( ,..., )nx x

Output sequence of edits 1( ,..., )ne e

MF

GET

 

Figure 1: Schematic diagram of the GET-MF model structure 

II. B. Unsupervised clustering techniques 
II. B. 1) Fuzzy C-means clustering algorithm 
The Fuzzy C-Means Clustering Algorithm (FCM) is a type of soft clustering method. The FCM algorithm assumes 
that the dataset contains n   samples, which can be represented as 

1 2( , , , )nX x x x   . Under the specified 
constraints, the FCM algorithm combines an optimization objective function to calculate the membership degree of 
each sample to each cluster center. Based on the membership values, the algorithm can automatically determine 
the category to which each sample belongs, thereby achieving automatic classification of the samples. The objective 
function of the FCM algorithm is shown in Formula (4), and the constraints are shown in Formula (5). 

 2

1 1

( , ) ( , )
c n

m
m ij j i

i j

O U C U D x C
 

  (4) 

 
1

1;
c

ij
i

U j


   (5) 
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where 
ijU  denotes the membership degree of the j th sample in the 

iC th cluster, m  denotes the fuzzy degree 

of the algorithm, and D   denotes the distance between the sample and the cluster center, which is generally 
calculated using the Euclidean distance. 

The steps of the fuzzy C-means clustering algorithm are as follows: 
(1) Randomly initialize the cluster centers 

iC , given the maximum number of iterations L , the number of clusters 

K , and the allowed error value  ; 
(2) Use equation (6) to calculate the distance D  between the sample and the cluster center; 
 2 2( , ) || ||j i j iD x C x C   (6) 

(3) Use equation (7) to calculate membership degree 
ijU ; 

 

1/ ( 1)

1/ ( 1)

1

( ( , ))

( ( , ))

m
j i

ij c
m

j i
k

D x C
U

D x C

 

 






 (7) 

(4) Update cluster center 
iC  using formula (8); 

 
1 1

/
n n

m m
i ij j ij

j j

C U x U
 

   (8) 

(5) Repeat steps 2 to 4 until the difference between the latest cluster center value 
newC  and the old cluster center 

value 
oldC  is less than   or the number of iterations reaches the maximum iteration count. 

The core steps of the Fuzzy C-Means clustering algorithm involve continuously iterating to update the cluster 
center 

iC   and optimize the objective function. Due to its low time complexity, this algorithm has been widely 
adopted. However, the FCM algorithm still has several limitations, primarily as follows: 

(1) The number of clusters K  in the FCM clustering algorithm must be determined in advance. Different values 
of K   can lead to significant differences in clustering results, and multiple experiments may be required to 
determine the optimal K . 

(2) The FCM clustering algorithm is sensitive to noise and outliers, which can significantly impact clustering results. 
(3) The FCM clustering algorithm is sensitive to initial cluster centers, which can lead to the objective function 

converging locally and failing to reach the global optimal solution. 
 

II. B. 2) K-means clustering algorithm 
The K-means clustering algorithm plays a significant role in big data mining technology. As a divisive hard clustering 
algorithm, the K-means algorithm stands out among other clustering algorithms due to its excellent performance 
and simple underlying principles, earning widespread recognition and application in both industrial and research 
fields. The basic principle of this algorithm is to divide the samples in a dataset into K clusters such that each sample 
belongs to the nearest cluster center, and each cluster center is the mean of all samples belonging to that cluster. 
In the K-means algorithm, the Euclidean distance formula is a commonly used distance measurement method for 
calculating the similarity or distance between any two sample points in a dataset. Let the dataset D contain n sample 
points, i.e., 

1 2{ , , , }nD x x x  , where each sample point 
ix  is a multidimensional feature vector. The Euclidean 

distance formula between any two sample points 
px  and 

qx  is calculated as follows: 

 2

1

( , ) ( )
m

p q pi qi
i

d x x x x


   (9) 

where 
1 2 1 2{ , , , }; , , ,p p p pm q q q qmx x x x x x x x   ; m  is the dimension of the sample elements. 

The K-means clustering algorithm process is as follows: 
(1) Randomly initialize the number of clusters K and the cluster centers, with the maximum number of iterations 

set to N; 
(2) Calculate the Euclidean distance d between each sample and the cluster center using formula (9), and assign 

each sample to the nearest cluster center, making it a member of that cluster center; 
(3) Calculate the mean of the samples in each cluster and update the cluster center; 
(4) Repeat steps 2 and 3 until the cluster centers no longer change. 
The advantages of the K-means algorithm are its fast convergence and good clustering results, making it suitable 

for clustering large-scale datasets. However, the traditional K-means clustering algorithm has the disadvantage that 
the number of clusters K   must be set manually. If the value of K   and the clustering centers are selected 
randomly, the accuracy and scientific validity of the clustering results cannot be guaranteed. Therefore, the optimal 
value of K  should be determined based on the data itself. The commonly used method for determining the number 
of clusters K  is the elbow method. During the K-means clustering process, the algorithm divides the data. As the 
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value of K  increases, the degree of data division also increases, while the sum of squared errors (SSE value) 
decreases. In the plot of the relationship between the SSE value and the K  value, the following trends can be 
observed: as the K  value approaches the actual number of clusters, the fluctuation in the SSE value significantly 
increases; when the K  value exactly equals the actual number of clusters, further increases in the K  value result 
in a gradually flattening trend in the SSE value. The optimal value of K  is determined based on the relationship 
between the SSE value and K  value. The SSE formula is as follows: 

 2

1 1

( )
irK

j i
i j

SSE x v
 

   (10) 

In equation (10), K  is the number of clusters; 
ir  is the number of sample elements in the i th cluster; 

jx  is a 

sample element in the i th cluster; 
iv  is the mean value of all sample elements in the i th cluster. 

III. Research on the Practice of Digital English Education 
III. A. Data Sources 
The research data for this paper is sourced from the teaching platform discussed herein. The platform employs the 
GET-MF model as its grammar correction model, providing registered users with a diverse range of multilingual 
dictionaries, primarily English dictionaries, supplemented by dictionaries in Japanese, Korean, German, and other 
less commonly used languages. The platform integrates design elements from games into traditional vocabulary 
learning scenarios, using gamified forms such as level-based challenges, competitive play, and team-based 
activities to stimulate user interest and enhance engagement. Users complete the registration process under the 
guidance of the platform's login interface and begin a vocabulary assessment. The system's algorithm estimates 
the user's initial vocabulary size based on their performance in the assessment, helping them identify their current 
proficiency level: Before starting vocabulary learning, users must select one or more vocabulary books as textbooks. 
Each vocabulary book is divided into several levels based on the number of words, and users must master the 
vocabulary in the current level to unlock the next level. The process of learning vocabulary is referred to as “leveling 
up.” After completing a round of leveling up, users can compete with randomly matched opponents or their friends 
to test their current learning outcomes. Additionally, users can decide whether to review previously learned words 
or check their rankings on the leaderboard based on their needs. Every learning session on the platform leaves 
corresponding usage records, and these real historical behavioral data form the research dataset for this study. 

This study selected 100 students from the English major at a key university in City C, Province A as the research 
subjects. Among them, 50 students used the teaching platform described in this paper and employed clustering 
technology to achieve personalized teaching, forming the experimental group. The remaining 50 students received 
conventional instruction and were designated as the control group. English learning data from the experimental 
group in 2024 was collected. To address issues such as missing or invalid values caused by online data upload 
anomalies, such data must first be cleaned and supplemented before analysis. After data cleaning, Min-Max 
normalization is performed to ensure consistent units of measurement, facilitating subsequent data analysis and 
comparison. 

 
III. B. Learning Style Analysis 
To understand students' learning style preferences and types, we visualized the learning style preferences of each 
student in the experimental group using experimental data. The distribution results of learning styles across four 
dimensions are shown in Figure 2 (a–d). The format of numbers combined with letters on the vertical axis represents 
learning style types and their degrees. Points above the central axis tend toward the previous type of style within 
that dimension, while points below the central axis tend toward the subsequent type of style within that dimension. 
The farther a point is from the central axis, the more unbalanced it is. To present each student's style type as 
intuitively as possible, the horizontal axis represents the student's ID number, with the ID number increasing from 
bottom to top. Based on the statistical results, in the information input dimension, visual types are more common 
than verbal types. In the information perception dimension, intuitive types are more common than perceptive types. 
In the information processing dimension, active types are more common than reflective types. In the information 
understanding dimension, holistic types are predominant. Holistic learning styles tend toward visual, intuitive, active, 
and holistic types, but in all four dimensions, balanced types are the most common. 
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(a)Information input dimension 

 

(b)Information perception dimension 

 

(c)Information processing dimension 

 

(d)Information understanding dimension 

Figure 2: Visualization results of learning styles 

III. C. Analysis of Motivation Types 
III. C. 1) Motivational factors 
The nine variables in learning motivation include seven motivational factors and two motivational outcomes. In 
addition to the three factors in the second language self-system—ideal self, should self, and second language 
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learning experience—several other closely related factors have been incorporated. Upon examining the data 
characteristics of the experimental group, it was found that the data carried by each category of samples followed 
a discernible pattern. Referring to the classification numbers from previous studies, the optimal number of 
classifications for student learning motivation was determined to be five, and these were represented using a 
backbone diagram. Next, K-means clustering was performed. The initially determined classification number of five 
was input into the clustering statistical program for all samples. After 15 iterations, the mean values of various 
motivational factors for the five categories of learners (with a maximum score of 5 points) were obtained, as shown 
in Table 1. The first category of students exhibited generally low motivation, with scores for most factors being the 
lowest among the five categories. Additionally, except for instrumental motivation, the scores for other motivational 
factors were below the critical threshold (M < 3). In contrast, the fifth category of students exhibits the strongest 
motivation, with scores for all motivational factors nearly reaching the peak among all categories of learners, 
indicating that they possess clear self-identity, enjoy the language learning process, have strong cultural interests, 
and also exhibit strong instrumental motivation. The second category of students has moderate scores for learning 
experience and instrumental motivation. The third category of students showed a steady increase in scores for most 
motivational factors compared to the first two groups, with their combined distribution pattern most closely 
resembling that of the fifth category. The fourth category of students exhibited two opposing traits: they scored high 
in ideal self, learning experience-promoting instrumental motivation, and cultural attitude, but their should self and 
preventive instrumental motivation scores were the lowest among all learners. 

Table 1: Means of various motivational factors of the five types of learners 

 
The first 

category 

The second 

category 

The third 

category 

The fourth 

category 

The fifth 

category 

Ideal self 2.68 3.12 3.72 4.66 4.72 

Should be self 2.82 3.26 3.70 2.78 3.98 

Second language learning 

experience 
2.60 3.48 3.78 4.68 4.66 

Facilitative instrumental motivation 2.94 3.44 3.92 4.18 4.74 

Preventive instrumental motivation 3.28 3.52 4.24 3.18 4.24 

Family influence 2.78 3.28 3.54 3.04 4.12 

Cultural attitude 2.02 3.16 3.04 4.24 4.18 

 
Since cluster analysis is merely an exploratory analytical method, to verify whether the intergroup differences in 

the cluster results are indeed heterogeneous, a one-way analysis of variance (ANOVA) was subsequently 
conducted to test the intergroup differences among the five categories of students for each motivational factor. The 
test results are shown in Table 2, where “**” indicates p < 0.01 and “*” indicates p < 0.05. For the ideal self variable, 
the intergroup differences were 1 < 2 < 3 < 4, 5 (F = 134.87, p = 0.004), indicating that there were significant 
differences between all groups except for the fourth and fifth categories. For the should self variable, the intergroup 
differences were significant, with 4 < 1 < 2 < 5 < 3 (F = 457.49, p = 0.001). In terms of second language learning 
experience, the group differences were 1<3, 2<4, 5 (F=98.58, p=0.003). There were no significant differences 
between the third and second groups, nor between the fourth and fifth groups, but there were significant differences 
between the remaining groups. In terms of the promotional and preventive tool dimensions, the group differences 
were 1<2<4, 3<5 (F=592.62, p=0.001) and 4<1<2<3,5 (F=90.34, p=0.001), respectively, indicating significant 
differences between groups. In terms of family influence, 1<4<2<3<5 (F=91.49, p=0.023), with group differences 
showing marginal significance. In terms of cultural attitudes, the differences were 1<3<2<5,4 (F=335.24, p=0.001), 
with the exception of the fifth group, which showed no significant difference from the fourth group, while the 
remaining groups showed significant differences. The above analysis indicates that the five categories of students 
exhibit significant differences across various motivational factors, confirming the reliability of the cluster analysis 
results. 

Table 2: Results of the difference test between groups 

 
The first 
category 

The second 
category 

The third 
category 

The fourth 
category 

The fifth 
category 

Post 
Hoc(Turkey) 

F value 

Ideal self 2.68 3.12 3.72 4.66 4.72 1<2<3<4,5 134.87** 
Should be self 2.82 3.26 3.70 2.78 3.98 4<1<2<5<3 457.49** 

Second language 
learning experience 

2.60 3.48 3.78 4.68 4.66 1<3,2<4,5 98.58** 
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Facilitative instrumental 
motivation 

2.94 3.44 3.92 4.18 4.74 1<2<4,3<5 592.62** 

Preventive instrumental 
motivation 

3.28 3.52 4.24 3.18 4.24 4<1<2<3,5 90.34** 

Family influence 2.78 3.28 3.54 3.04 4.12 1<4<2<3<5 91.49* 
Cultural attitude 2.02 3.16 3.04 4.24 4.18 1<3<2<5,4 335.24** 

III. C. 2) Comparison between promotion-oriented groups and prevention-oriented groups 
Regulatory focus types can provide validation for the conceptual framework within the second language self-system, 
so it is necessary to conduct between-group difference tests on students with different regulatory focus types. Since 
the ideal self is closely related to promotion orientation and the should self is closely related to prevention orientation, 
a common method in motivational psychology research was used to group students based on regulatory focus. 
Specifically, the ideal self score was subtracted from the should self score. If the difference was positive, it indicated 
that the student's ideal self was stronger, making them a promotion-oriented learner; if the difference was negative, 
it indicated that the student's should self was stronger, making them a prevention-oriented learner. All students were 
categorized into 31 promotion-oriented learners and 19 prevention-oriented learners based on their regulatory focus 
orientation. The results of the independent samples t-tests for all variables are shown in Table 3. In terms of the 
four variables—ideal self (t = 4.98, p = 0.004), second language learning experience (t = 9.06, p = 0.001), promotion-
oriented instrumental motivation (t = 1.78, p = 0.026), and cultural attitude (t = 20.58, p = 0.002), the promotion-
oriented group scored significantly higher than the prevention-oriented group, with all differences being statistically 
significant. However, in terms of self-concept (t = -7.92, p = 0.003), preventive instrumental motivation (t = -9.09, p 
= 0.002), and family influence, the latter group scored higher than the former. The between-group difference in 
family influence was not significant (t = -2.06, p > 0.05). Additionally, the promotion-oriented group scored 
significantly higher than the prevention-oriented group on motivational behavior (t = 5.29, p = 0.002), but significantly 
lower on language anxiety (t = -8.28, p = 0.003), indicating that promotion-oriented individuals exhibit superior 
motivational and emotional qualities overall compared to prevention-oriented individuals. The t-test results suggest 
that the classification of students' focus orientations has psychological validity. 

Table 3: Results of independent sample t-tests 

 
Promoting orientation group Preventive orientation group 

t value 
M SD M SD 

Ideal self 4.14 0.56 3.88 0.52 4.98** 

Should be self 3.26 0.41 3.94 0.49 -7.92** 

Second language learning experience 4.22 0.38 3.42 0.41 9.06** 

Facilitative instrumental motivation 4.32 0.55 4.18 0.62 1.78* 

Preventive instrumental motivation 3.96 0.67 4.20 0.71 -9.09** 

Family influence 3.12 0.49 3.24 0.53 -2.06 

Cultural attitude 3.86 0.72 2.34 0.76 20.58** 

Motivational behavior 4.26 0.58 3.86 0.63 5.29** 

Language anxiety 3.02 0.77 3.28 0.81 -8.28** 

 
III. D. Optimization of Teaching Decisions 
The Global Competence Level Survey Questionnaire was designed by experts and distributed at the end of the 
second semester of 2024, with a 100% response rate. The test content was based on the concept of global 
competence and utilized language knowledge, listening, speaking, reading, and writing question types to assess 
students' performance across various dimensions. The tests were conducted at the beginning of the first semester 
and at the end of the second semester of 2024. The questionnaire and test data were analyzed using SPSS 25.0. 
 
III. D. 1) Students' Global Competence Levels in Digital English Teaching 
To test the effectiveness of cultivating global competence through digital English teaching, this study conducted an 
independent samples t-test on the questionnaire data, with the results visualized in Figure 3. The results show that 
the mean global competence score of the experimental group (4.02) was higher than that of the control group (3.74), 
and there was a significant difference between the two groups (p=0.002). This indicates that students who 
underwent digital English instruction demonstrated overall better global competence than those who did not, 
suggesting that digital English instruction is relatively effective in cultivating global competence. 
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Figure 3: Results of the independent sample t-test for global competency levels 

III. D. 2) Effects of ability development on low-level and high-level students 
To verify whether there are significant differences in the perception of global competence among students of different 
proficiency levels in the experimental group under digital English instruction, this study conducted an independent 
samples t-test on the questionnaire and test data, with the results shown in Figure 4. It was found that the mean 
global competence score for low-level students (3.82) was lower than that for high-level students (4.04), and there 
was no significant difference between the global competence levels of low-level and high-level students (p > 0.05). 
This indicates that high-level students perceive and recognize the cultivation of global competence to a greater 
extent, but overall, there is little difference in the perceived cultivation of global competence between low-level and 
high-level students. Additionally, there was no significant difference in the pre- and post-test scores for global 
competence among low-performing students (p > 0.05), while there was a significant difference in the pre- and post-
test scores for global competence among high-performing students (p = 0.002). The post-test mean score for high-
performing students (85.6) was nearly 10 points higher than the pre-test mean score (77.76), indicating that the 
cultivation of global competence was more effective among high-performing students. 

 

Figure 4: Independent sample t-test results of questionnaire and test data 

III. D. 3) Teaching effectiveness of each sub-competency of global competence 
To further understand the specific changes in the various sub-components of global competence among low-
performing and high-performing students in the pre- and post-tests, this study analyzed the pre- and post-test data. 
The results of the various sub-components of global competence are shown in Table 4. The improvements in 
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international understanding and cross-cultural communication skills were more pronounced for both low-performing 
and high-performing students in the pre- and post-tests, with mean differences of -1.08, -3.54, and -2.20, -0.32, 
respectively. Among these, the improvement in international understanding was more significant for high-performing 
students compared to low-performing students, as evidenced by the significant difference in test scores between 
the pre- and post-tests for high-performing students (p=0.002). In terms of intercultural communication skills, the 
improvement among low-level students was more pronounced, with significant differences in pre- and post-test 
scores (p=0.001). Additionally, overall, the teaching effects on the other two components of global competence were 
not significant, with only high-level students showing some improvement in cognitive analytical skills (mean 
difference -1.28) and reflective action skills (mean difference -2.70). 

Table 4: Results of various capabilities of Global Competence 

Group 
Cognitive analytical ability 

International 

understanding 

Cross-cultural communication 

skills 
Reflective action ability 

Low level High level Low level High level Low level High level Low level High level 

Pre-test 20.18 20.58 19.04 18.94 19.28 20.86 20.22 17.38 

Post-test 20.12 21.86 20.12 22.48 21.48 21.18 20.04 20.08 

Mean 

difference 
0.06 -1.28 -1.08 -3.54 -2.20 -0.32 0.18 -2.70 

Significance 0.993 0.219 0.773 0.002 0.001 0.187 0.208 0.003 

 

IV. Conclusion 
This study designed a digital-driven English grammar error correction and personalized teaching technology 
framework, and explored its practical effectiveness through a controlled experiment. 

The mean global competence score of the experimental group students (4.02) was higher than that of the control 
group students (3.74), and there was a significant difference between the two groups in terms of global competence 
(p=0.002). The mean global competence score of low-level students in the experimental group (3.82) was lower 
than that of high-level students (4.04), and there was no significant difference in global competence between low-
level and high-level students (p > 0.05). Additionally, there was no significant difference in the pre- and post-test 
scores of global competence for low-level students (p > 0.05), while there was a significant difference in the pre- 
and post-test scores of global competence for high-level students (p = 0.002) . In terms of individual competencies, 
both low-level and high-level students showed significant improvements in international understanding and cross-
cultural communication skills between the pre- and post-tests, with mean differences of -1.08, -3.54, and -2.20, -
0.32, respectively. 

Acknowledgements 
1. Funded by Science and Technology Project of Hebei Education Department (Number: SZ2024094). 
2. Funded by Project of Institute for Handan Educational Research (Number: 23YB004). 
3. Funded by Handan University (Number: 2023XJYY002). 

References 
[1] Javed, F. (2024). Digital Transformation in Teaching and Learning of English in Higher Education. In Digital Transformation in Higher 

Education, Part B: Cases, Examples and Good Practices (pp. 103-125). Emerald Publishing Limited. 
[2] Al Fraidan, A., & Alaliwi, M. (2024). Digital transformation for sustainable english language learning: Insights from Saudi Arabia and global 

perspectives. In Forum Linguist Stud (Vol. 6, pp. 439-49). 
[3] Pikilniak, A., Stetsenko, N., Stetsenko, V., Bondarenko, T., & Tkachuk, H. (2020). Comparative analysis of online dictionaries in the context 

of the digital transformation of education. CEUR Workshop Proceedings (CEUR-WS. org). 
[4] Lu, H. (2024). Professional Development of English Teachers in the Context of Digital Transformation. Journal of International Education 

and Science Studies Vol, 1(5). 
[5] Karimova, G. S., Ishanov, P. Z., Sarzhanova, G. B., Odintsova, S. A., & Abildina, S. K. (2023). Digital transformation of knowledge and 

learning content in educating English language to primary school children. International Journal of Knowledge and Learning, 16(4), 374-
394. 

[6] Kazakova, E. I. (2020). Digital transformation of pedagogical education. Yaroslavl Pedagogical Bulletin, 1(112), 8-14. 
[7] Thai, D. T., Quynh, H. T., & Linh, P. T. T. (2021). Digital transformation in higher education: An integrative review approach. TNU Journal 

of Science and Technology, 226(09), 139-146. 
[8] Cao, Q., & Wang, C. (2025). Exploring the Digital Transformation of College English Under the Background of Big Data. Journal of 

Humanities, Arts and Social Science, 9(3). 
[9] Kapur, R., Byfield, V., Del Frate, F., Higgins, M., & Jagannathan, S. (2018). The digital transformation of education. Earth observation open 

science and innovation, 25-41. 



Learning Analytics and Teaching Decision Optimization in the Digital Transformation of English Education 

8041 

[10] Sarker, M. N. I., Wu, M., Cao, Q., Alam, G. M., & Li, D. (2019). Leveraging digital technology for better learning and education: A systematic 
literature review. International Journal of Information and Education Technology, 9(7), 453-461. 

[11] Tyas, E. H., & Naibaho, L. (2021). HOTS learning model improves the quality of education. International Journal of Research-
GRANTHAALAYAH, 9(1), 176-182. 

[12] Aditya, R. Q., & Suranto, S. (2024). The role of educational transformation in the digital era in improving student quality. Al Qalam: Jurnal 
Ilmiah Keagamaan Dan Kemasyarakatan, 18(3), 1756-1772. 

[13] McKnight, K., O'Malley, K., Ruzic, R., Horsley, M. K., Franey, J. J., & Bassett, K. (2016). Teaching in a digital age: How educators use 
technology to improve student learning. Journal of research on technology in education, 48(3), 194-211. 

[14] Saravanakumar, A. R. (2018). Role of ICT on enhancing quality of education. International Journal of Innovative Science and Research 
Technology, 3(12), 717-719. 

[15] Ye, L., Recker, M., Walker, A., Leary, H., & Yuan, M. (2015). Expanding approaches for understanding impact: Integrating technology, 
curriculum, and open educational resources in science education. Educational Technology Research and Development, 63, 355-380. 

[16] Reis-Andersson, J. (2023). School organisers’ expression on the expansion of the access and application of digital technologies in 
educational systems. The International Journal of Information and Learning Technology, 40(1), 73-83. 

[17] Al-Okaily, M. (2025). ChatGPT as an educational resource for accounting students: expanding the classical TAM model. Education and 
Information Technologies, 1-15. 

[18] Vermeulen, M., Van Acker, F., Kreijns, K., & Van Buuren, H. (2015). Does transformational leadership encourage teachers’ use of digital 
learning materials. Educational Management Administration & Leadership, 43(6), 1006-1025. 

[19] Zheng, Q., & Liang, C. Y. (2017). The path of new information technology affecting educational equality in the new digital divide—based 
on information system success model. Eurasia Journal of Mathematics, Science and Technology Education, 13(7), 3587-3597. 

[20] Eden, C. A., Chisom, O. N., & Adeniyi, I. S. (2024). Harnessing technology integration in education: Strategies for enhancing learning 
outcomes and equity. World Journal of Advanced Engineering Technology and Sciences, 11(2), 001-008. 

[21] Parveen, A., Ganie, A. N., Bashir, F., Zimik, P. N., & Jan, S. N. (2024). Enhancing Classroom Equity Through the Integration of Digital 
Technology. In Digital Literacy at the Intersection of Equity, Inclusion, and Technology (pp. 65-83). IGI Global. 

[22] Wang, S., & Zhou, L. (2023). Evaluation of information skills and innovative literacy cultivation of digital talent in universities. International 
Journal of Emerging Technologies in Learning (iJET), 18(20), 83-98. 

[23] Chang, Q., & Liu, Z. (2024). Research on Innovative Models for Cultivating Young Talent in the Context of the Digital Economy. Higher 
education, 6(3), 123-128. 

[24] Lin, Y., Cai, X., Lu, J., & Tang, W. (2024, November). Research on the Digital Reform Strategies of Higher Education Teaching from the 
Perspective of Cultivating New-quality Talents. In Proceedings of the 2024 3rd International Conference on Artificial Intelligence and 
Education (pp. 840-849). 

[25] Jiang, R., & Zhang, C. (2024). Strategies for Reforming College English Teaching in the Context of Educational Digital Transformation. 
Curriculum Learning and Exploration, 2(1). 

[26] He, X. (2025). Construction and Practice of English Multi-modal Teaching System in the Process of Digital Transformation of Vocational 
Education. The Educational Review, USA, 9(4). 

[27] Bond, M., Marín, V. I., Dolch, C., Bedenlier, S., & Zawacki-Richter, O. (2018). Digital transformation in German higher education: student 
and teacher perceptions and usage of digital media. International journal of educational technology in higher education, 15(1), 1-20. 

[28] Küçükler, H. (2020). Digital transformation in foreign language education. Iğdır Üniversitesi Sosyal Bilimler Dergisi, (23), 635-646. 
[29] Dashkina, A., Dmitrijev, A., Khalyapina, L., & Kobicheva, A. (2021, October). The influence of digital transformations on learners’ and 

educators’ creativity. In International Conference on Professional Culture of the Specialist of the Future (pp. 963-984). Cham: Springer 
International Publishing. 

[30] Han, L. (2024). Exploration and Research on the Construction of Vocational English Curriculum in China under the Context of Digital 
Transformation. Journal of Higher Vocational Education (ISSN: 3005-5784), 1(3), 117. 

[31] Nurhayati, S., Yuliana, Y. G. S., & Regina, R. (2024). Digital Transformation of English Language Teaching (ELT) at Junior High School 
Level: A Case Study in Remote Area of West Kalimantan. EDUKASIA: Jurnal Pendidikan dan Pembelajaran, 5(1), 1055-1060. 


