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Abstract Currently, personalized learning supported by big data has become a research hotspot in the field of 
education. This study applies data mining technology to English learning and constructs a personalized path 
generation system for English learning by using online learning data from new media teaching environment. 
Through learner profile modeling and personalized learning resources recommendation, we generate learning 
paths adapted to students' level and learning habits. The high accuracy of the personalized learning resource 
recommendation method in this paper is verified through experiments, and its check accuracy and check 
completeness rates are 6.35%~22.23% and 12.91%~27.35% higher than those of the comparison methods. 
Students' pass rate of the English general examination is increased to more than 70% after applying the system, 
and most of the students agree in the personalization, learning effectiveness dimension and behavioral willingness 
dimension, which reflects students' good satisfaction with the system. The study shows that the personalized path 
generation system for English learning based on data mining in this paper is able to stimulate students' interest and 
effectively improve their learning motivation and English learning level. 
 
Index Terms data mining, learner profiling, resource recommendation, personalized path generation, English 
learning 

I. Introduction 
As a symbol of productivity in the informationization era, the development of computer networks has also been 
leading the progress of education mode and education technology. New media technology has become one of the 
core tools of modern education with its convenience, diversity and interactivity [1]. Especially in English teaching in 
colleges and universities, the introduction of new media technology not only injects vitality into classroom teaching, 
but also provides teachers and students with a variety of new modes of teaching and learning [2]. On the one hand, 
the new media platform breaks through the limitations of traditional media in time and space, and realizes the 
extensive sharing and instant update of resources through the digital platform [3]-[5]. At the same time, new media 
technology enriches the presentation of educational content, so that it is no longer limited to text and graphic field, 
but also covers a variety of media forms such as audio, video, etc., which greatly enhances the intuitiveness and 
interest of learning [6]-[8]. In addition, new media technology is highly interactive, which makes the learning 
process more flexible, and students can instantly obtain feedback through the online platform, and carry out 
in-depth exchanges with teachers and peers, which in turn promotes the autonomy and enthusiasm of learning [9], 
[10]. Compared with traditional education media, new media technology is easier to realize personalized education 
[11]. Teachers can combine relevant data analysis technology to explore the learning needs and rhythm of students 
in the new media education environment, so as to flexibly adjust the teaching content and progress, and cultivate 
excellent talents with rich language skills and intercultural communication ability [12]-[14]. 

The study analyzes the multidimensional application of data mining technology in English teaching and designs 
a personalized path generation system for English based on data mining. The system establishes learner profiles 
by collecting students' basic attribute data, learning process data and learning result data. Then it carries out user 
similarity calculation and resource recommendation generation to achieve personalized learning resource 
recommendation. The data of multiple English learning courses of a learning system is selected as the data set, 
and the recommendation algorithm based on keyword matching is used as the comparison algorithm, so as to 
compare the MAE value, check accuracy rate and check completeness rate of this paper's method and the 
comparison algorithm with different proportions of the training set, and to explore the accuracy of the learning 
resources recommendation of this paper's method. On this basis, an empirical study is carried out to apply the 
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constructed system to the tutoring course of English Unified Examination in a school, to compare the pass rate of 
English Unified Examination before and after the application of the system, and to use questionnaire survey 
method to explore the students' experience and satisfaction of the system in terms of the dimensions of 
personalization, learning effectiveness, and behavioral willingness. 

II. Application of Data Mining in English Teaching and Learning 
Educational data mining, refers to the process of applying data mining methods to extract meaningful information 
from data coming from the educational system, which can serve educators, learners, administrators, educational 
software developers, and educational researchers, among others. Based on the actual situation of English 
language teaching in the new media environment, the application of educational data in English language teaching 
is analyzed, and these areas can be divided into: learner knowledge model, learner behavior model, learner 
experience model, learner profile, domain knowledge model, learning component analysis and teaching strategy 
analysis, trend analysis, adaptation and personalization. 

(1) Learner knowledge model 
The learner knowledge model is established mainly to enable the system to present the appropriate information 

at the appropriate time and in the appropriate way according to the specific needs of the learners. For English 
learners of different levels, the establishment of the learner knowledge model enables learners to obtain learning 
resources that best suit their learning needs. 

(2) Learner Behavior Model 
The establishment of the learner behavior model can help the online learning platform discover and respond to 

learners' “non-task related” behaviors in a timely manner, effectively predict the likelihood of learners failing to 
complete the learning tasks, and diagnose the problematic aspects of students' learning so that teachers can give 
better interventions. 

(3) Learner Experience Model 
The learner experience model is mainly used to assess whether learners are satisfied with their learning 

experience. From the beginning of a student's enrollment, the school can analyze the entire learning process 
through comprehensive data tracking and mining. For example, in English learning, the learner experience model 
can be refined into listening, reading, writing and speaking modules, analyzing the learner experience in each 
module, helping teachers to find out the course units with good or bad learner experience, analyzing the reasons, 
adjusting the sequence of lectures and optimizing the overall curriculum. 

(4) Learner Profile 
The learner profile is the sum of data describing the learner's learning behavior. The establishment of learner 

profiles is to provide a personalized learning environment that can be adapted by individuals or groups to improve 
learning efficiency and optimize learning results. After the profile is created, English learners can be categorized 
according to their preferences, interests, learning purposes, learning habits, etc., which is convenient for classroom 
management and helps teachers to give appropriate guidance. 

(5) Domain Knowledge Modeling 
Domain knowledge modeling represents the key concepts within a discipline or topic and the relationship 

between the concepts or units. Educational data mining and learning analytics of domain knowledge modeling 
focuses on the way different learning modules and knowledge points are organized and in what order they are 
organized. 

(6) Learning Component Analysis and Teaching Strategy Analysis 
Learning component analysis and teaching strategy analysis can provide powerful data support for English 

teaching activities. In English teaching, teaching strategy analysis focuses on the different components of the 
teacher's teaching process and the student's learning process, as well as the different kinds of teaching strategies 
that the teacher or the learning system applies to different groups of students at different times. 

(7) Trend Analysis 
From the data analysis of a large number of learning behaviors a certain order and law can be drawn, which can 

be used to predict the future trend of learning. In actual English teaching, if certain factors affecting learning 
effectiveness are found in future trends, teachers and educational administrators can take timely interventions in 
behavior management or discipline to prevent these factors from evolving into more serious learning crises. 

(8) Adaptation and Personalization 
The personalized teaching model for English learners should be built on the previous learner knowledge model, 

learner behavior model, learner experience model, learner profile, domain knowledge model, learning component 
analysis and teaching strategy analysis, and trend analysis results, to establish an adaptive learning system for 
English language learning with the learner as the center. 
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III. Personalized Path Generation for English Learning Based on Data Mining 
Based on the multi-dimensional application of data mining technology in the field of English teaching, this paper 
uses it in the personalized path generation of English learning and proposes an English learning system based on 
personalized path generation by data mining. 
 
III. A. System architecture design 
The English learning system for personalized path generation based on data mining is shown in Fig. 1. The 
front-end interface of this teaching system includes personalized path display, learning resources recommendation, 
and learning progress tracking modules, and also provides interactive interfaces with teachers and the system. The 
teacher interface is used to manage teaching resources, monitor student learning, evaluate teaching effectiveness, 
etc., and support the adjustment and intervention of learning paths. In terms of back-end services, the system 
includes a data processing module and a personalized path generation module. The data processing module is 
responsible for collecting, storing and pre-processing students' learning data, including learning behavior data, 
learning performance, learning preferences, etc. The personalized path generation module is based on data 
mining. The personalized path generation module generates personalized learning paths and recommends 
suitable learning resources based on data mining technology, combining students' learning data and personal 
characteristics. 

Front
 end

Personalised Path 
Display

Recommended 
Learning Resources

Learning progress 
tracking

Backend
Data Processing

Personalised Path Generation

Database

 

Figure 1: Personalized path English learning system based on data mining 

III. B. Database design 
Database design is an important part of the system design, which determines the data structures, table 
relationships and how the data will be stored in the system. The study gives three important database tables, 
Student Learning Information Table, Student Portrait Information Table and Teaching Resource Personalization 
Information Table. 

The student learning information table contains the records of student learning under different courses. The 
student profile table contains the basic information about the students and their learning interests. The Teaching 
Resource Personalization table is used to record the recommended design of teaching resources for different 
students in the process of personalized learning path generation. 

 
III. C. Learner Profile Modeling 
III. C. 1) Based on basic learner attributes 
Basic learner attributes are used to differentiate and identify learners and include learner number, name, age, 
gender, subject, and academic level. First, learners are numbered so that each learner is uniquely identified. Then, 
the name, age, gender, subject and section information of the learners with corresponding numbers are obtained to 

form a target information base D , i.e., a collection of learners,  1 2, , , ,nD ID ID ID  , i.e., n  learners The text 

can be aggregated into multiple small and sufficiently clustered classes using a clustering algorithm, each of which 
contains one or more common features. Four clustering center vectors {Age, Gen, Sub, Sec} are selected, and for 
the text corresponding to each ID in the target information repository D , the similarity between the text 
corresponding to each ID and each initial clustering center Age, Gen, Sub, Sec is computed sequentially using the 
K-means algorithm. If the text corresponding to a certain ID has the maximum similarity with a certain cluster 
center vector (Age, Gen, Sub, Sec), the information corresponding to this ID is classified into clusters N  centered 
on a certain cluster center vector (e.g., Age), thus obtaining the cluster vector in D

    1 1 1 1 1 1, , , , SecN Age ID Name Age Gen Sub ,    2 2 2 2 2 2 1, , , , Sec , , , , , , Secn n n n nID Name Age Gen Sub ID Name Age Genn Sub . 
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Correspondingly, the cluster vector  N Gen  is obtained by using the gender vector as the clustering center in the 

information repository D , the cluster vector  N Sub  is obtained by using the discipline vector as the clustering 

center in the information repository D , and the cluster vector  N Sec  is obtained by using the academic section 

vector as the clustering center in the information repository D . In the final clustering step, the two most similar 
clusters are merged into a single cluster until all texts have been categorized into clusters. 
 
III. C. 2) Based on learning process data 
Learner portrait modeling based on learning process big data is carried out from two aspects: learning styles and 
cognitive characteristics. With  , ,Mt Qs Ts Cs  to represent the learning styles applied by learners in solving 
problems and accomplishing tasks, the learning styles include three aspects: knowledge acquisition (Acq), 
cooperation and communication (Cop), and problem exploration (Exp). The formal expression of learning style is: 
   , , , ,Acq Cop Exp Mt Qs Ts Cs . Four classroom behavioral features and four online learning features of learners 
are extracted: the number of times learners participate in discussions, the number of times they ask questions, the 
number of times they participate in experiments, the number of times they participate in experiments, the number 
of times they download resources, the number of times they participate in virtual experiments, the number of times 
they communicate in the class group, and the number of times they send private messages. The L1-paradigm 
regularized SVM clustering algorithm is utilized so as to filter the eight behavioral features of the learner and 
generate a sparse weight matrix for feature selection. The learner's cognitive characteristics include background 
(Bg) and cognitive style (Sty), which are formally expressed as    ,Bg Sty Kb Mt . Based on the basic attribute 
modeling of the learner, ID is used to uniquely identify the learner, and  ,Bg ID cx  denotes the cognitive 
background of the ID learning concept cx, which is classified into 5 tiers {failing, passing, intermediate, good, 
excellent}, and quantified sequentially as discrete values  1,2,3,4,5 . ( , )Int ID cx  denotes the cognitive style 
exhibited by ID when learning the concept cx. In this study, cognitive styles were divided into four types, {holistic, 
analytical, verbal, and expressive}, and the response time ratio 1t  for detecting and calculating the overall task 
and the response time ratio of the two dimensions of speech and representation 2t , and the higher the 1t , the 
higher the learner's analytical tendency. The higher the 2t , the higher the learner's phenotypic tendency. 
 
III. C. 3) Based on learning outcomes data 
Learner portrait modeling based on learning outcome big data is divided into four parts: the learner's basic 
knowledge system, the problem and task system, the method system used in the process of solving problems and 
tasks, and the final ability system. Utilizing the principle of rule matching, after the learner inputs or selects relevant 
combinations of information, the system will match this information with each antecedent in the basic knowledge 
system, and return the antecedent if the match is successful, or else adjust the components of the learner portrait 
and re-match them until a result is reached. Using the conceptual formula of credibility, identifying Kb  as the basic 
knowledge system that the learner needs to master, Pf  as the combination of information that the learner inputs 
or chooses to be relevant, and CF  as the credibility of a piece of knowledge, which becomes the credibility factor, 
for the rule   ( , )IF PfTHEN Kb CF Pf Kb , there is the following credibility concept formula: 

 

( / ) ( )
( / ) ( )

1 ( )
( ( , ))

( ) ( / )
( / ) ( )

( )

P Pf Kb P Pf
P Pf Kb P Pf

P Pf
cf Pf Kb

P Pf P Pf Kb
P Pf Kb P Pf

P Pf

     
 

 (1) 

(1) When ( , ) 1CF Pf Kb  , i.e., ( , ) 1P Pf Kb  , ( ) 0P Pf  , it means that The conclusion Pf must be true when the 
evidence Kb is true. That is, the learner inputs or selects the relevant combination of information to match the 
antecedents of each antecedent in the underlying knowledge system successfully, and can return the posterior. 

(2) ( , ) 0CF Pf Kb  , then it means that the evidence Kb increases the confidence that the conclusion Pf is true. 
Same as (1). 

(3) When ( , ) 0CF Pf Kb  , i.e., ( , ) ( )P Pf Kb P Pf , then it means that evidence Kb has no effect on conclusion 
Pf. That is, the combination of learner input or choice-related information does not match successfully with the 
antecedents in the underlying knowledge system, and the components of the learner portrait need to be adjusted 
and re-matched. 

(4) ( , ) 0CF Pf Kb   then it means that the evidence Kb increases the credibility of the conclusion Pf being false. 
Same as (3). 
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(5) When ( , ) 1CF Pf Kb   , i.e., ( , ) 0P Pf Kb  , and ( ) 1P Pf  , it means that The conclusion Pf must be false 
when the evidence Kb is true. Same as (3). 

The final set of vectors of the learner's mastery of the basic knowledge system is 

         1 1 2 2, , , , , ,i jki i jki n i jkinKb Mt L Kb Mt L Kb Mt L , where M  denotes the Learning method. 

In the system of problems and tasks, the system of methods used in the process of solving problems and tasks, 
and the final system of competencies, the above methods are utilized, and if the match is successful, the posterior 
is returned. Otherwise, the components of the learner portrait are adjusted and matched again until the result is 
reached. Use L  to denote the degree and level of learning, A  to denote the corresponding competencies that 
the learner needs to develop while going through the problem solving and task completion activities, and the final 

set of vectors of the learner's competencies and degree:    1 1, , , ,n nA L A L . Using Qs Ts Cs   to denote 

the system of problems and tasks to be solved by the learner, the final set of vectors of the learner's degree of 

problem solving and task completion will be:       1 1, , , ,i n i nQs A Li Qs A Li 

            1 1 1 1, , , , , , , ,i n i n i n i nTs A Li Ts A Li Cs A Li Cs A Li  . Representing the system of methods used 

by the learner in the process of problem solving and tasks by Mt, the final set of vectors of the degree of mastery of 
the applied methods in the process of problem solving and tasks is: 

         1 1 1, , , , , , , , , , , ,i il il kil n i in in kin i il il kiMt Qs v r L Mt Qs v r L Mt Ts v r L  , 

         1 1 1 1, , , , , , , , , , ,n in in kin s i i ki n i in in kinMt Tsi v r L Mt C v r L Mt Cs v r L  . 

 
III. D. Recommendation of personalized learning resources 
On the basis of analyzing the learner profile, the system calculates the similarity between him/her and other 
students. Once the similarities between users are calculated, the system can generate personalized learning path 
recommendations for the target user based on these similarities. The process is mainly divided into two steps: 
calculating user similarity and generating recommendations. 
 
III. D. 1) Calculating user similarity 
Similarity between users needs to be calculated to determine which users have similar learning preferences and 
behaviors. Cosine similarity is a common similarity measure used to measure the cosine of the angle between two 
vectors. In recommender systems, it can be used to calculate the similarity between users and thus personalize 
recommendations. Assuming that there are two users u  and v , and their learning behavior feature vectors are 

ux  and vx , the cosine similarity formula is shown in Equation (2): 

 sin( , ) u v

u v

x x
u v

x x




  (2) 

where   is the dot product of the vectors and u tx x  is the modulus of the vector x . The value of cosine 

similarity ranges from -1 to 1. The closer the value is to 1, the more similar the direction of the two vectors is and 
the higher the similarity is. Therefore, by calculating the cosine similarity, it is possible to determine which users 
have similar learning preferences and behavioral habits, so as to achieve personalized learning path 
recommendation. 

 
III. D. 2) Generating recommendations 

Once the similarities between users are computed, these similarities can be used to generate recommendations 
for the target user. For the target user u , the k  users that are most similar to it can be found, and courses or 
learning resources that these similar users like but the target user has not taken can be recommended to the target 
user. The specific definition is shown in equation (3): 

 
( )

( )

sin( , )

ˆ
sin( , )

ri
v N u

ui

v N u

u v r

r
u v










 (3) 

where ûir  is the predicted interest of the target user u  in course i , ( )N u  is the set of k  users with the highest 

similarity to user u , and rir  is the interest of user v  in course i . 
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III. E. Experimental effects and discussion 
III. E. 1) Experimental design 
In order to evaluate the enhancement of resource recommendation accuracy by this personalized path generation 
system for English learning, data analysis and recommendation testing of existing e-learning resources were 
carried out using the basis of the existing learning system platform (grid.whu.edu.cn). The experimental system 
includes five courses in the English learning domain, totaling 3572 learning resources, and 250 users were 
selected for whom learning process records were constructed respectively. The whole dataset is sorted by time, 
and the data is divided into two parts separated by different time points, and the front part is used as a training set, 
i.e., it is assumed to be the historical learning data, which is used to generate recommendations by the algorithm of 
this paper. In order to make a comparison, the back part of the user unused learning resource data is hereby used 
as a test set for comparison with the advancement results. 

The mean absolute deviation MAE, which is commonly used in statistical accuracy measures, is adopted as the 
metric for evaluating the recommendation quality of the system, which has the advantage of intuitively measuring 
the recommendation quality. 

 
III. E. 2) Experimental results 
To see the performance difference between this paper's algorithm and the keyword matching based 
recommendation algorithm (Key Word) when the dataset is separated at different time points, i.e., with different 
ratios of training and test sets. The experimental parameters are set with nearest neighbor user values from 10 to 
30 (TOP:10-30), and a comparison of the MAE test results is shown in Figure 2. The average absolute deviation 
MAE value of this paper's method is smaller than that of the keyword matching recommendation algorithm.The 
MAE value of the Key Word algorithm as a whole is in the range of 0.833~0.944, and the MAE indexes of this 
paper's algorithm for recommending Top 10, Top 20, and Top 30 are respectively in the ranges of 0.741~0.829, 
0.703~0.799, and 0.685~0.753. This is a significant difference in the overall performance of the algorithm. 0.753. 
This in general shows that the algorithm in this paper is better able to grasp the learning characteristics of users, 
and the more the number of selected proximate users, the better the effect. Especially when the proportion of 
training set data is large, the algorithm proposed in this paper has higher recommendation accuracy, which is due 
to the completeness of the training set data is more able to take advantage of the personalized learning resource 
recommendation algorithm. 

 

Figure 2: Comparison of MAE test results 

In addition, in order to better compare and evaluate the precision and accuracy of the recommendation results, 
the check-full rate and the check-accuracy rate are also used as evaluation indexes for comparative analysis. 
Since the dataset has been divided into two parts, training set and test set, as a reference for comparison during 
the system testing, the intersection of the calculated recommendation results and the training set can be calculated 
as the retrieved data results. The percentage improvement in the values of check accuracy and check 
completeness is shown in Figure 3. It can be seen that compared with Key Word algorithm, the personalized 
learning resources recommendation algorithm improves the check accuracy rate by 6.35% to 22.23% and the 
check completeness rate by 12.91% to 27.35%, and with the increase of the proportion of the training set, the 
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values of the check completeness rate and the check completeness rate of the personalized English learning 
resources recommendation are improved more than the Key Word algorithm. 

 

Figure 3: The increase percentage of the recall and precision 

IV. Empirical study of personalized path generation system 
In order to verify the impact of personalized path generation based on data mining for English learning system on 
students' learning effectiveness, this study applies the system to the undergraduate English Unified Examination 
tutoring course, and detects the effectiveness of the system by means of the English Unified Examination pass rate, 
and student questionnaires. 
 
IV. A. Subjects 
The English Learning Personalized Pathway Generation System was formally applied to a university's online 
education undergraduate English Unified Examination tutorial course in early 2024, and had been used by two 
batches of students in April and September as of the time of data extraction. Therefore, the experimental subjects 
of this study were a total of 1,000 students in April and September 2024 who took the English Unified Examination. 
 

 

Figure 4: Comparison of English pass rate 

IV. B. Comparison of the pass rate of the English general examination 
After entering the UEC English tutoring course, students can see the study path recommended by the system 
based on their historical study data on the homepage, and click on the link to get the corresponding study content 
and learning resources to participate in English learning activities. Upon completion of learning, the system will 
automatically mark the completed content. Teachers can use the system to provide personalized learning services 
to students and to observe and record students' learning progress. After the end of the English Unified Examination, 
the pass rates of the two exams were retrieved through the background of the system and compared with the pass 
rates of a total of four Unified Examinations in December 2022 and the whole year of 2023, and the comparison of 
the pass rates of the English Unified Examinations is shown in Figure 4. After using the system, the pass rate of 
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the exam has obviously improved. Before using the system, the pass rates of the exams were all below 70.0%. 
After using the system, the pass rate in April 2024 was 72.58% and the pass rate in September was 71.45%, 
indicating that the English learning system based on personalized path generation by data mining can effectively 
improve students' English learning performance. 
IV. C. Student Questionnaire 
In order to understand the use of the Personalized Pathway Generation System for English Language Learning 
and students' subjective evaluation of the system, a questionnaire survey was conducted among students who 
took the UEC in April and September to find out the impact of the system on students' learning attitudes, learning 
styles, and learning effects. 
 
IV. C. 1) Questionnaire design 
The student questionnaire in this study was designed with 2 parts totaling 18 questions: 

(1) The first part was a survey of students' basic information: it mainly investigated students' gender, age, degree 
English grades and whether they had used the personalized paths recommended by the system, aiming to 
understand students' background information and basic knowledge level. 

(2) The second part is a formal quiz with 13 questions, aiming to understand students' subjective feelings after 
using the personalized path generation system for English learning. The questions are divided into three 
dimensions: personalization, learning effectiveness, and behavioral intention. The personalization dimension 
consists of 4 questions, including the learning resources meet the needs, the recommended order meets the 
learning habits, the learning mode meets the needs, and the recommended path makes learning easier. The 
learning effectiveness dimension has 6 questions, including faster access to learning resources, reduced study 
time, increased number of study sessions, clearer learning goals, more confidence in exams, and increased 
learning initiative. 3 questions in the behavioral willingness dimension, i.e., willingness to adopt learning sequences, 
helpfulness of learning paths, and desire to access more personalized learning modules. The second part was 
mainly based on the Liket 5-point scale, with 1 indicating strongly disagree, 2 indicating disagree, 3 indicating fair, 4 
indicating agree, and 5 indicating strongly agree. The higher the score, the more effective and satisfied the 
students are after using the system. 

 
IV. C. 2) Results of the questionnaire 
The questionnaires for this study were mainly collected online through the Internet, and after excluding invalid 
questionnaires, a total of 384 valid questionnaires were collected. Among them, 85.42% of the students accepted 
and used the services provided by the system. According to the statistical results of the questionnaires, students' 
satisfaction and evaluation of the personalized path generation system for English learning are as follows: 

The statistical results of the personalization dimension are shown in Figure 5. Students are generally satisfied 
with the personalization shown by the system. 62.50% of the students think that the resources found according to 
the paths are more suitable for them, and 79.69% of the students think that the learning sequence recommended 
by the system is in line with their learning habits. The percentage of students who are adapted and very adapted to 
this way of learning is 31.25% and 44.79% respectively, and 79.17% of the students think that following the paths 
provided by the system makes their own learning easier. This indicates that compared with traditional learning 
methods, the personalized path provided by the system is obviously more in line with students' learning habits and 
cognitive abilities, and can more effectively help students achieve success. 

 

Figure 5: Statistical results of personalized dimensions 
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The results of the learning effectiveness dimension are shown in Figure 6. A total of 58.07% of the students 
“strongly agree” and “agree” that the learning path can help them find learning resources faster, and 72.92% of the 
students think that their learning goals are clearer after using the system, which indicates that most of them This 
shows that most students agree with the navigation function of the personalized path generation system for English 
learning. Second, a total of 72.40% of the students indicated that their study time was reduced after using the 
system. In contrast, 76.04% of the students showed a significant increase in their learning initiative, and 82.30% of 
the students said that the use of the system mobilized their learning motivation and increased the number of times 
they logged in to the platform. 

 

Figure 6: Statistical results of the validity dimension of learning 

The results of the behavioral willingness dimension are shown in Figure 7. 72.66% of the students did not object 
to learning by referring to the learning sequence provided by the system, and the proportion of students who were 
willing to accept it was the highest. In addition, a total of 54.69% of students “strongly agree” and “agree” that more 
personalized learning support modules should be added to learning, because most of the students indicated that 
they could hardly feel the convenience and help brought by the personalized learning service if only one function of 
personalized path recommendation was provided. Most of the students indicated that if only one function, namely 
personalized path recommendation, was provided, it would be difficult for them to feel the convenience and help 
brought by personalized learning services. 

 

Figure7: Statistical results of behavioral will dimensions 

V. Conclusion 
The growth of data in the new media environment has a great impact on the development of the education field. 
This project constructs a personalized path generation system for English learning based on the data generated in 
the process of English learning. The resource recommendation performance of the system is analyzed through 
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experiments, and empirical studies are conducted to test the enhancement effect of the system-generated paths 
on students' English learning as well as students' satisfaction. 

(1) The MAE value of the personalized learning resource recommendation method in this paper is smaller than 
that of the Key Word algorithm, and under different training set ratios, its check-accuracy and check-completeness 
rates are improved by 6.35%~22.23% and 12.91%~27.35%, respectively, compared with that of Key Word 
algorithm, reflecting a better resource recommendation accuracy. 

(2) After applying the personalized path generation system for English learning, the pass rate of English Unified 
Exam is significantly improved, from less than 70% before to 72.58% and 71.45%. In addition, the students have a 
high degree of recognition of the personalization achieved by the system, believe that the system can provide 
effective tutoring services to help improve learning efficiency, and have a high degree of overall satisfaction with 
the system. The above results fully demonstrate the effectiveness of the proposed personalized path generation 
method in enhancing students' English learning. 

The method proposed in this paper can analyze learners' thinking habits, combine with immediate learning 
scenarios, push appropriate learning resources, and provide personalized services. It optimizes the English 
learning process, facilitates the improvement of students' learning ability, the cultivation of learning interest, the 
enhancement of thinking ability, and promotes the intelligent and personalized development of English teaching. 
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