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ABSTRACT

In recent years, the construction of education informatization has been comprehensively promoted,
and the personalized learning recommendation model has brought a new direction for the
development of intelligent learning platform for college English vocabulary. This study constructs the
KCPE-SR model based on collaborative filtering algorithm and knowledge graph, generates and
optimizes the suitable personalized learning paths for learners through the interaction between
learners of college English vocabulary and resources, and develops a personalized college English
vocabulary learning system based on this model. The analysis of the application effect of the system
reveals that the experimental class students' English vocabulary learning performance has been
significantly improved with the help of the personalized learning system, and the students' English
vocabulary knowledge mastery (20.00 points) and vocabulary comprehensive application ability
(20.49 points) have also increased. The personalized college English vocabulary learning path
generation and optimization system proposed in this paper is able to achieve accurate personalized
recommendation of learning resources and can meet the needs of college English vocabulary learning.

Keywords: collaborative filtering algorithm, knowledge graph, KCPE-SR model, learning resource
recommendation, personalized learning

1. Introduction

In recent years, the rapid development of artificial intelligence technology has triggered innovative
changes in several fields. Generative Al is an advanced technology that simulates human learning and
creation processes through deep learning and neural networks [1-2]. In terms of working principle,
generative Al first learns patterns and structures of specific domains (e.g., language, image, etc.) by
training with a large amount of data, and autonomously generates new instances based on these
learned patterns [3-4]. As a cutting-edge Al technology, generative Al opens up a brand new way for
language learning with its uniqueness of mimicking human language use and comprehension [5-6].
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The learning of English vocabulary for college students plays a fundamental role in the improvement
of their overall English proficiency. In the specific practice of English vocabulary learning, generative
artificial intelligence not only has the ability to generate a large number of contextually relevant
example sentences, but also provides learning materials and feedback according to the actual level and
progress of the learners, thus greatly enhancing the richness and adaptability of the learning process
[7-9]. Meanwhile, in the age of intelligence, college students improve the learning efficiency of English
vocabulary with the help of mobile terminal software or intelligent platforms, so as to enhance their
comprehensive English ability, which will play a positive role in their current professional expansion
and future career development [10-12].

At the same time, the use of big data, artificial intelligence and other technical means, according to
each student's situation to develop a personalized learning path, intelligent recommendation of
learning content and testing, according to the test results of the continuous feedback iterative learning
process, in order to achieve the highest efficiency of each student to achieve the learning goals [13-14].
From the current educational situation, Al technology plays an important role in the teaching process,
plays an important role, such as the more familiar batch correction network, homework help and so
on. The future trend of learning becomes Al technology to become an auxiliary tool for teachers'
teaching, and teachers can better complete the teaching of English vocabulary and accomplish the
teaching goals with the help of Al technology [15-16].

Literature [17] combined with literature survey, interviews and other methods to clarify that Bai Ci
Zhan APP effectively stimulates students' motivation to learn English vocabulary and expands their
English vocabulary to a certain extent. Literature [18] envisioned an English vocabulary test with
artificial intelligence technology as the core logic, revealing that English vocabulary APP and website
English vocabulary learning are effective and feasible. Literature [19], based on empirical analysis and
research, learned that the introduction of Al technology in English vocabulary teaching effectively
enhanced English vocabulary learning effectiveness and learning efficiency. Literature [20] argues that
output reading has positive significance for students' English learning from the perspective of English
vocabulary acquisition, and the study provides a certain reference for English vocabulary and English
reading teaching. Literature [21] analyzed the research on English vocabulary teaching and pointed
out that the English corpus tool helps students to improve their English vocabulary and English
communication skills. Literature [22] conducted a comparative evaluation experiment and
demonstrated that the English vocabulary learning model based on adaptive algorithms is better than
the traditional vocabulary learning model. Literature [ 23] designed an intelligent English collaborative
education game based on the learning analytics (LA) method and verified that the English teaching
model stimulated students' motivation and interest in English vocabulary learning to a certain extent
based on practical feedback. Literature [24] used questionnaire survey method and semi-structured
interview strategy to examine and analyze the attitudes and perceptions of English vocabulary
learners' learning strategies based on smartphones, and pointed out that the scientific and reasonable
combination of the essence of traditional vocabulary learning strategies with network information
technology and mobile terminals is more helpful to improve students' English vocabulary learning
effects.

This paper collects all kinds of learning resources of college English vocabulary from the Internet
and textbook resources, and constructs the construction of college English vocabulary learning
resource base by categorizing the vocabulary learning knowledge points and the degree of difficulty.
Combining the collaborative filtering recommendation algorithm and the knowledge concept path
enhancement method to establish a personalized English vocabulary learning path generation and
optimization model. Obtain the embedded representation of university English vocabulary learning
resources through knowledge mapping, and then extract the knowledge concept path between
vocabulary learning. The interaction function between vocabulary knowledge learning resources is
calculated to predict learners’ mastery of vocabulary knowledge points, personalized learning
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resources are recommended based on the prediction results, and the personalized recommendation
results are optimized and trained using the alignment loss function. Subsequently, a personalized
college English vocabulary learning path generation and optimization system is designed by
combining the learning resource library and the personalized recommendation model. In this paper,
we conduct quasi-experiments to study whether the learning system has a facilitating effect on college
students’ English vocabulary learning performance, knowledge mastery and comprehensive
application ability.

2. Method
2.1. Constructing a Resource Base for Learning College English Vocabulary

2.1.1. Learning resource collection and screening. The university English vocabulary learning
resources studied in this paper are mainly collected from the Internet, various kinds of teaching aids
and test sets as well as supporting resources, and the collected resources include teaching videos,
teaching courseware, teaching design, exercises and pictures related to knowledge points.

1) Internet. The Internet is the main way to collect college English vocabulary learning resources.
There are a large number of college English vocabulary learning resources and some English
vocabulary learning related websites on the Internet, download the related resources on these
websites, and reorganize and classify them according to the actual needs of this paper's construction.
2) All kinds of teaching aids and test sets. The learning resources in the teaching aids and test sets have
very good pertinence, applicability and differentiation of difficulty level, and the resources in the
teaching aids and test sets are manually made into electronic resources for collection and storage.

3) Supporting resources. Most textbooks and teaching aids have supporting learning resources, such
as courseware, lesson plans, micro-videos and so on. These supporting resources are highly systematic,
applicable and targeted, and these learning resources are collected and organized according to the
actual construction needs.

To screen the collected learning resources, firstly, for the media-type learning resources such as
teaching videos, teaching courseware and teaching design, it is necessary to ensure that the content of
the resources is correct, adequate, vivid and easy to understand. Secondly, for the exercise resources,
it is required that the question types are rich, the amount of questions is moderate, the contents are
typical, the knowledge points examined are clear and the difficulty should be graded.

2.1.2. Classification of learning resources:

1) Classification of Knowledge Points. Reasonable classification of university English vocabulary
learning resources is the key to building a university English vocabulary learning resource base.
Classifying learning resources correctly and reasonably according to a certain structure can facilitate
the system to provide learners with learning resources around a certain knowledge point as well as
facilitate the system to find learning resources related to the demanded knowledge point. There are
two common ways to categorize learning resources, one is to categorize learning resources according
to the chapter structure of the textbook, and the other is to categorize learning resources according to
the knowledge structure. The learning resources of college English vocabulary corresponding to the
knowledge points are categorized according to the structural relationship among the first-level
knowledge points, second-level knowledge points, third-level knowledge points and fourth-level
knowledge points.

2) Difficulty Level Classification. Different knowledge points corresponding to the learning resources
(mainly exercise resources) there is a difference in the degree of difficulty, in order to quantitatively
analyze the degree of examination of exercises and tests on the knowledge points, according to the
direction of the content of the resources examined to divide the degree of difficulty of the learning
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resources. The difficulty level of learning resources is divided into three categories: easy, medium and
difficult.

2.2. Personalized Recommendation Optimization Strategy for English Vocabulary Learning Paths

Under the collaborative filtering recommendation framework [25], this paper proposes the
Knowledge Concept Path Enhancement [26] personalized recommendation and optimization model
for English vocabulary learning path (KCPE-SR), which introduces the knowledge concept path to
enhance the personalized recommendation of English vocabulary learning path based on the
application of recurrent neural network for sequence modeling of learner representations to achieve
the simultaneous enhancement of the recommendation accuracy and explanatory nature. First, the
embedded representation of English vocabulary learning is obtained through the knowledge graph
[27] representation learning technique. For the specified learner p, and English vocabulary study
q;, the N English vocabulary studies that learner p, has interacted with recently at a known
moment are extracted based on the knowledge graph to extract the knowledge concept paths between
these English vocabulary studies and English vocabulary study ¢;, which is then combined with the
knowledge graph embedding representation to obtain the embedded representation of the knowledge
concept paths. Then, the embedding representation p;, oflearner p, atmoment 7 isobtained by
sequence modeling, and the embedding representation ¢;, of English vocabulary learning ¢,
when facing learner p, at moment / is obtained by fusing the knowledge concept paths.Finally, the
interaction probability of the two at moment ¢ is predicted by establishing the interaction function
between Pp;, and ¢;,;.

1) Knowledge Graph Embedding Representation. In order to learn the embedding representation of
entities and knowledge concepts in the knowledge conceptual graph, this study applies the TransE
technique, i.e, the ternary (#.7:¢) in the knowledge graph satisfies €,+€ =€, where ¢,,¢, EDZ is
the embedding representation of the entities, e EDf is the embedding representation of the
semantic relations, and d, =d.. The TransE model defines a distance metric function dm(-) on the
ternary (%.7.t),see Eq:

dm(h,r,t)=tle, +e —e [] (1)

The real ternary can satisfy a low value of dm(h,r;t) . In general, the TransE model learns by
optimizing the ranking loss function:

o
Ly = Z ~In(o(dm(h,r,t )—dm(h,r,t))) (2)
(h,rtt)
where G ={(h,r,l‘,t')|(h,7‘;t) EG(h,r,t,)gG},(h,r,t') denotes the random replacement of the tail
entity ¢ in (h,r,f) with ¢ #¢. Through the TransE Knowledge Graph representation, an initial
representation, denoted as &,,&.,é €[]*, will be obtained for each ternary (4.7.7). In particular,
5]]- el]* isused to denote the embedded representation of English vocabulary learning in subject J.
2) Knowledge concept path mining and representation. Given that stemmed knowledge concept
mapping introduces noisy data when applied to an individual's English vocabulary learning
recommendation task, this study extracts knowledge concept paths by introducing meta-paths [28].
Specifically, the model proposed in this section uses two types of meta-paths to describe the learner's
course selection process for:

learner —*“— course, —****— concept,
prerequisite Concept2 comtains COH}’S@Z
. , (3)
learner —"“— course, —***"“— concept,

comtains

<« — concept, —*“— concept, «—"""=— course,
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The first type of meta-paths indicates that learners keep learning more difficult knowledge concepts,
and therefore search for English vocabulary learning that contains subsequent knowledge points
based on the knowledge points contained in the already learned English vocabulary learning through
the precedence relation. The second type of meta-path represents the process of learners learning
different lower level knowledge concepts under the same higher level knowledge concept. Without
considering the first learner English vocabulary learning interaction edge, the remaining part of the
meta-path can represent the learning order relationship between English vocabulary learning, and the
path information is all static information in the knowledge concept map, so the set of paths between

any two English vocabulary learning that match the above meta-paths are denoted as Kcp? (q./.,qj,)
and KCP° z(qj,qj'), respectively. given that learner p, has recently interacted with the N English

vocabulary learning [q,-,t_N,...,q,»,t_pq,-,,_pq,-,,_l], and that the given English vocabulary learning ¢;
corresponds to the set of knowledge concept paths as

N-1
KCP(p,,q,,t)= U{P,- — s path | path € KCP?' (ql.,FMk,qj)uKCPQZ(ql.,,fN%,qj)} . In order to
k=0

embed the representation of KCP(quj,t), the set of paths is divided into two groups according to

the categories of the meta-paths, the first group is denoted as
N-1
KCP' (P»q;,1)= U {p,.—2"“" path| path € KCP' l(qi,,,Nij)} , and the second group as

k=0

N-1
KCPZ(P,-,%-J)=U{P,-M>Pal‘h|l7ath EKCPU(q,-,,,NWq_,)} , which are represented by the
k=0

: d d :
recurrent neural network and the aggregation layer as kcp;.’t ell” and kcpijz.’t €], respectively, as

shown in the following equation:

1
kep,, = 0(————— GRU'(emb'(path,)))
v ‘chl(p[’qj)| ptlthmeKCzPl(pi,q_/)
embl (pathm ) = |:qm,1 > ém,l > ém,Z > qm,Z
. (4)
kep), = 0(————— GRU’(emb*(path,)))
o | KCP? (pi’qj) | path, <KCP*(p,.q;)

2 ~ ~ ~ ~ ~
emb (pathm) = |:qm,1’em,l’em,Z’ern,3’qm,2:|

where emb(:) function maps the English vocabulary learning and knowledge concepts in the path
into corresponding embedding representations based on the knowledge graph embedding
representations, GQUI () and GQU2 () are two different trainable GRU recurrent neural networks,
and o(-) isa Sigmoid function.

3) Path-enhanced English vocabulary learning representation of knowledge concepts. The learner
embedding representation is acquired by the GRU recurrent neural network [29] acting on the English
vocabulary learning embedding representation, denoted as p;, ell% . Based on the learner
embedding representation and the knowledge concept path representation, the English vocabulary
learning representation is augmented as shown in the following equation:

(5)

;= alqj + azkcpgl/,z + 063kcpy2.,,
a=sofimax(p,,-q;, p,, kep; . p,, -kepy,)

where weight & models the distribution of learner p,'s attention to the learning strategy at
moment 7.



284 L. LI

4) Learner English vocabulary learning interaction prediction. Based on the above module, the model
obtains the English vocabulary learning representation ¢;; and the learrAler representation P, ;.
Based on the collaborative filtering framework, the interaction probability ), ; betweenlearner p,
and English vocabulary learning ¢; atmoment ¢ isobtained by vector dot product with the formula:

jj_ij,t =P Yy, (6)

In this paper, we also use the ranking loss function [30] to optimize the recommendation results,
and the core idea is that the observed learner English vocabulary learning interactions have higher
prediction probabilities than the unobserved interactions, see Equation (7):

LCF = Z - 11’1(0'(_)’}”. - )’}tf/ )) (7)

(p,,q/,q,v)

where Y’:{((pi’qjiq;')|(pi9qj)€Y+’(pi5qj’)EYi}’YJr denotes the observed learner English

vocabulary learning interactions () =1) and Y denotes a random subset of unobserved learner

English vocabulary learning interactions sampled. For the training of the entire KCPE-SR model, end-
to-end training is performed by using the Adam optimizer with the optimization objective of

minimizing both L. and L, see Equation (8):

L=Loy + ALy + A, 1O} ®)

where © contains the parameters in the embedded representation layer of entity relationships in
the knowledge graph, the recurrent neural network layer of the embedded representation of
knowledge concept paths, and the recurrent neural network layer of the learner sequence modeling,
and A and A, aremanually set hyperparameters.

2.3. Personalized Learning System for College English Vocabulary

Based on the above proposed college English vocabulary learning library construction method and
personalized learning path recommendation and optimization model, this paper constructs a college
English vocabulary personalized learning system as shown in Figure 1. The learning system
constructed in this study mainly consists of five sub-modules, namely, determining personalized
learning objectives, learning common core knowledge from textbooks, personalized learning tasks,
blended classroom learning, and classified multiple teaching evaluation.

Accurately matching English vocabulary learning materials through the corpus, with high
vocabulary recurrence rate of extracurricular reading materials and co-core video learning parts,
creating more opportunities to encounter core professional vocabulary for the second or third time in
a short period of time, and contributing to vocabulary acquisition. The 15-20 seed words function of
the Sketch Engine corpus platform is utilized to quickly match learning materials with high
reproduction rates, overcoming the obstacles and bottlenecks of English teachers who do not belong
to the professional discourse circle, and the time-consuming and inefficient search for professional
information, and solving the difficulties of English teachers through technological means. The purpose
is to improve the efficiency of students' vocabulary acquisition. Through multimodal personalized
assignments, we can break the time and space limitations of English vocabulary classroom, create a
relaxing English vocabulary learning environment, improve English vocabulary application and output
opportunities, enhance the comprehensive ability of listening, speaking, reading and writing, and
overcome the situation of “mute English”. At the same time, in the multimedia era, students'
information literacy is high, and reading pictures and watching images have natural affinity for them.
The form of homework to present what they think and feel after reading in the way of group
cooperation and video shooting is novel and unique for them, and at the same time, it is favorable to
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be used for personal oral presentation and ability enhancement, which breaks through the limitations
of classroom teaching with a large number of students and fewer opportunities for students to practice
their English vocabulary, and expands limited classroom learning time to outside the classroom. This
is a breakthrough from the limitations of classroom teaching where there are many students and few
opportunities for individual students to practice English vocabulary. The group preparation of PPT,
report outline, group discussion plan, etc. is conducive to the exercise of English vocabulary input skills
such as written expression ability. Meanwhile, in the process of college English vocabulary learning,
extracurricular learning is organized through group cooperative learning and inquiry-based learning,
which aims to cultivate students' sense of cooperation, critical thinking ability, independent learning,
etc., and plays a role in the improvement of students' comprehensive qualities such as analytical and
problem-solving ability and quality of thinking.

Academic talents (for L English for Academic

Social ne.eds postgraduate study) Purposes (EAP)
analysis
Personalized Target job group Bl g
learni 1 LENES
carnng goats Professional talents Tareet iob aroun B2 g9
_| Learner needs (Undergraduate employment) £°1J00 group o E
A analysis o8
Target job group B3 = | = =
Moocs, micro classes
Textbook core
knowledge
Digestion before class
Personalized Learning Cooperative learning
Accommodation A Autonomous learning
p Inquiry-based learning
Persqnahzed — Personalized learning Task B1
learning task
—— Personalized learning task B2
; ; Multimodal operation
College — Personalized learning Task B3
—  English
vocabulary | Common core knowledge time
theory
]131€nded
classroom Individualized task group
discussion and presentation
Common core knowledge learning situation <
Classified . . N
luralistic Personalized group learning situation .
= eachi N
cachmg Personal learning task completion —
evaluation

Final examination

Fig. 1. English vocabulary personalized learning system
3. Results and discussion

3.1. Quasi-experimental research design

In order to study the guiding significance of the Personalized Intelligent Teaching Model of College
English Vocabulary in English Vocabulary Learning at the college level, a teaching practice was carried



286 L. LI

out for first-year students based on this model. This teaching experiment was carried out in a college
in H city in September 2023 for a period of four months, and two classes of freshman year were
selected to carry out teaching activities.

3.1.1. Quasi-experimental subjects. The experimental subjects were the first-year students of a
university in H. The study took the first-year English major class 1 as the experimental class, which
consisted of 69 students, including 42 female and 27 male students. The control class was 68 students
in the class 5 of freshman English majors, including 38 girls and 30 boys. Using a one-way comparative
isogroup experimental method, in which the personalized learning system is the independent variable
in the research process, the dependent variable is the students' college English vocabulary learning
effectiveness, knowledge mastery, and academic performance, and the control variable is that both
classes are taught English vocabulary teaching English vocabulary learning by the same teacher.

3.1.2. Quasi-experimental methods:
1) Quasi-experimental hypothesis. This study constructs an English vocabulary personalized learning
system assisted by artificial intelligence recommendation algorithm, and carries out the design of
university English vocabulary personalized teaching under the application of this system. In order to
test the practical application effect of university English vocabulary personalized wisdom teaching
mode in English vocabulary classroom teaching, this paper intends to carry out the following
hypotheses.

(1) English classroom teaching under the personalized teaching mode of college English vocabulary
improves students' English vocabulary academic performance.

(2) The application of college English vocabulary personalized teaching mode in English classroom
teaching can improve students' English vocabulary knowledge mastery rate.

(3) Personalized teaching of college English vocabulary helps to improve students' comprehensive
application of English vocabulary.
2) Quasi-experimental design. This study aims to measure and count the differences in learners'
academic performance, knowledge mastery, and comprehensive application ability after going
through college English vocabulary smart teaching and traditional classroom, thus launching a quasi-
experimental study on the personalized teaching model of college English vocabulary. The
effectiveness of the personalized learning path generation and optimization system was verified
through pre- and post-test papers and questionnaires. To carry out the quasi-experimental study, a
control class and an experimental class were selected for teaching. The experimental class was taught
English vocabulary under the personalized teaching model, while the control class received English
vocabulary teaching under the traditional teaching model. Before implementing the quasi-experiment,
pre-test papers were used to obtain the pre-test scores of the two classes, and post-test papers were
administered to the two classes at the end of the semester to obtain the changes in students' scores
during the period. A post-test questionnaire was also administered to the two classes at the end of the
semester to clarify the differences in knowledge acquisition and vocabulary application skills between
the two classes.

3.2. English Vocabulary Learning Achievement Test Results:

1) Analysis of changes in the number of exams taken. Between September 1 and December 30, 2023,
a total of 20 vocabulary exams were completed by freshman English majors 1 and 5 at School H. The
number of students completing the exams varied from one to two. It is important to clarify that this
training remains voluntary, so the number of people completing the online English vocabulary exams
varies each time. This paper plots the trend of the change in the number of people participating in the
22 vocabulary exams in the two classes as shown in Figure 2.The total number of students completing
the online English vocabulary exams in Class 8 shows a significant decrease from 12. Due to the
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voluntary nature of the exam, a significant number of students gave up taking the exam because of the
longer time interval. The number of students taking the English vocabulary exam in class 8 declined
more from the 12th (61) to the 20th (51). This shows that the students in this class do not have a
coherent learning of English vocabulary and have not formed a good habit of independent learning.
Once interrupted for a long period of time, it is difficult to regain the passion for learning. On the other
hand, the number of students taking the 20th vocabulary test in Class 1, where the personalized
English vocabulary learning system is applied, remains at 65.

o 56 -
54+
52 —#—Class 1
50 | —@—Class 8

2 4 6 8 10 12 14 16 18 20
Test number

Fig. 2. The total number of English vocabulary tests has changed

2) Changes in the distribution of English vocabulary test scores. In addition, the results of segmented
statistics on students’ scores are shown in Table 1. Specifically analyzing the distribution of the
number of people in each achievement band, it can be found that from the 3rd examination, the
number of students in class 1 who scored above 90 in the examination showed a rapidly increasing
trend, increasing from 9 to 19 at the first time. The medium and high scores achievement band always
had a sizable number of students, while the number of students in this score band below 60
participating in the vocabulary exam decreased significantly. With this finding, it can be further
concluded that there is a strong correlation between students' self-discipline and their English
vocabulary test scores. Conversely, poorer self-discipline in English vocabulary learning will also be
reflected in each test score, and the negative feedback between the two will easily lead to students'
gradual self-abandonment. Therefore, this paper argues that the application of personalized college
English vocabulary teaching system can stimulate students' interest and self-discipline in learning
English vocabulary and achieve the effect of improving vocabulary scores.

Table 1. The distribution of vocabulary test scores

Test number <60 60-75 75-90 >90
Class 1 Class 8 Class 1 Class 8 Class 1 Class 8 Class 1 Class 8
1 9 8 29 15 22 24 9 21
2 8 10 29 26 19 14 13 18
3 8 26 21 16 17 19 23
4 7 5 26 20 17 15 19 27
5 7 10 26 27 16 17 20 11
6 7 7 25 16 16 19 20 22
7 7 10 24 10 16 17 21 26
8 7 23 26 14 24 24 4
9 7 23 11 12 22 26 20
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10 6 8 23 13 13 15 26 25
11 5 9 22 16 13 21 27 15
12 4 10 21 23 14 19 28 9
13 4 10 18 25 17 19 28 6
14 3 8 17 29 18 19 29 3
15 2 8 16 11 17 24 31 14
16 2 7 13 28 17 11 34 9
17 2 7 10 24 13 17 40 4
18 1 5 7 17 16 13 41 17
19 0 7 6 16 15 21 44 7
20 0 5 6 28 7 15 52 3

In order to analyze the overall performance of the English vocabulary exams of the two classes, this
paper plots the results of the trend changes in the average scores and pass rates of the 20 English
vocabulary exams of the two classes as shown in Fig. 3, with (a) and (b) showing the results of the
analysis of the performance of the students of Class 1 and Class 8, respectively. The results of the 20th
exam results of the students who took the exam in class 1 (88.97) are overall higher than the average
score of the students in class 8 (84.31). Relating the average scores to the overall number of students
who took the exam as mentioned above can be used to analyze the quality of teaching and learning in
both classes. In this paper, we believe that the higher average grade and pass rate of English vocabulary
exam of students in class 1 can reflect that the personalized college English vocabulary learning path
generation and optimization system assisted by artificial intelligence technology can help to improve
the English vocabulary scores of students in colleges and universities, and that hypothesis A is valid.
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(b) Class 8

Fig. 3. Change in English vocabulary test scores

3.3. Analysis of English Vocabulary Learning Ability

According to the established research program, in order to better understand whether there is a
difference in the level of English vocabulary knowledge mastery between the two classes after the
experiment, this experiment conducted a post-test and questionnaire survey of English vocabulary
knowledge for the experimental subjects at the end of the experiment. The questionnaire was designed
to categorize the assessment of college English vocabulary learning ability into three dimensions of
evaluation indexes, namely, the dimension of vocabulary knowledge (W1) and the dimension of
comprehensive application ability of English vocabulary (W2). The vocabulary knowledge dimension
consists of five aspects: fluent spelling of English vocabulary (W11), using English vocabulary in
conversation (W12), mastering a certain amount of vocabulary (W13), familiarizing oneself with
multi-vocabulary utterances (W14), and standardizing the pronunciation of vocabulary (W15),
respectively. The W2 dimension consists of conversations in English in different contexts (W21),
understanding of the foreign cultural backgrounds (W22), using English vocabulary in daily life
anxiety (W23), mastering the meaning of vocabulary in different contexts (W24), and clarifying the
differences between Chinese and English cultural backgrounds (W25). The assessment questions were
designed using a Likert scale, with a score of 1-5 representing five levels of agreement. The scoring of
each dimension was tallied using the sum of the test question scores, and the level of proficiency in
that dimension was measured by the level of statistical scores.

3.3.1. Analysis of vocabulary knowledge acquisition. The statistical results of the software statistical
analysis in measuring the topic scores in the English Vocabulary Knowledge Dimension (W1) are
shown in Table 2. In terms of the mean scores of English vocabulary knowledge dimension, the mean
scores of English vocabulary knowledge dimension of students in class 1 and class 8 were 20.00 and
17.40, and class 1 was slightly higher than class 8. In order to test whether there is a difference
between the experimental class and the control class in the English vocabulary knowledge dimension
after the experiment, the original hypothesis was proposed, and the results of the analysis of the
differences between the two classes in the English vocabulary knowledge dimension after the
experiment are shown in Table 3. Using independent samples t-test to test the variance of English
vocabulary knowledge dimensions of the two classes, under the assumption of variance chi-square
condition, according to the results of the variance chi-square test of the post-test scores of the
experiment, F=0, significance Sig=0.965>0.05, which indicates that the variance of the two classes is
homogeneous, and the test of variance can be carried out. In the result of “T-test for equality of means”,
the T-value is -0.526, significance Sig=0.048<0.05, hypothesis B is valid, which means that there is a
significant difference between the scores of English vocabulary knowledge dimensions of the two
classes.

Table 2. Knowledge dimension measurement of English vocabulary

Class N Min Max Mean SD
w11 69 2.62 4.86 4.45 1.137
w12 69 243 4.83 4.43 1.073
Class 1 w13 69 2.08 4.93 3.71 1.075
w14 69 243 5 3.58 1.113
W15 69 2.44 4.94 3.83 0.888
w1 69 12 24.56 20 4.821
Class 8 w11 68 1.52 4.24 3.05 0.871
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W12 68 1.65 446 3.13 0.98
W13 68 1.33 4.21 3.06 1.007
W14 68 1.75 411 3.65 1.081
W15 68 1.83 4.01 3.37 0.895
w1 68 8.08 21.03 17.40 4.136
Table 3. Independent sample T test of English vocabulary knowledge
Variance equivalence test The average value of tis tested
. . Standard
Dimension . ) Mean Lower Upper
F Sig t Sig . error o o
difference . limit limit
difference
Assumed
variance 0.000 0.965 -0.632| 0.048 -0.526 0.953 -2.364 1.263
homogeneit;
Wi 8 y
Unassumed
variance —_ —_ -0.632| 0.048 -0.526 0.953 -2.364 1.263
homogeneity
3.3.2.  Analysis of the Results of the Measurement of Comprehensive English Vocabulary Application

Skills. The statistical results of the scores of the topics measured in the dimension of comprehensive
application ability of English vocabulary (W2) through the software statistical analysis are shown in
Table 4. On the average score of the dimension of comprehensive application ability of college English
vocabulary, the average total score of students in class 1 is 20.49, which is 4.49 points higher than the
comprehensive application ability score of students in class 8. In the comparison of the scores of the
sub-dimensions of the comprehensive application ability of English vocabulary, the scores of the
students of class 1 and class 8 in the dimension of mastering the meaning of words in different contexts
are 4.15 and 2.92, which indicates that the two classes have opened up a big gap in the scores of the
sub-dimensions of the comprehensive application ability of English vocabulary.

Table 4. The analysis of the dimensional analysis of lexical comprehensive application

Class N Min Max Mean SD
w21 69 1.67 4.75 3.75 0.978
w22 69 2.31 4.59 4.15 1.073
w23 69 3 496 4.15 1.075
Class 1
w24 69 1.5 4.63 4.15 1.113
W25 69 1.99 4.69 4.29 0.888
w2 69 10.47 23.62 20.49 5.698
w21 68 1.4 4.18 3.34 0.963
w22 68 1.42 3.8 3.36 0.98
w23 68 1.23 3.81 3.34 1.007
Class 8
w24 68 1.35 3.92 2.92 1.081
W25 68 1.29 3.83 3.12 0.895
w2 68 6.69 19.54 16.08 4.265

In order to test whether there is a significant difference in the dimension of comprehensive English
vocabulary use ability between Class 1 and Class 8 in the post-test, the original hypothesis was
formulated that there is a significant difference between the two classes in the dimension of
comprehensive English vocabulary use ability after the experiment. The results of the test of variance
of the two classes' comprehensive English vocabulary use ability using the independent samples t-test
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are shown in Table 5. Under the assumption of chi-square condition, F=0.026, significance
Sig=0.958>0.05, indicating that the variance is homogeneous and can be analyzed by ANOVA. In the
“T-test for equality of means”, the significance Sig=0.032<0.05, the original hypothesis is valid, which
means that under the application of personalized English learning path recommendation and
optimization system, the students of class 1 are significantly higher than those of class 8 in terms of
the comprehensive application of English vocabulary at university.

Table 5. Independent sample test results

Variance equivalence test The average value of tis tested
. . Standard
Dimension . ) Mean Lower Upper
F Sig t Sig . error o o
difference . limit limit
difference
Assumed
variance 0.026 0.958 -0.528| 0.032 -1.236 0.854 -2.958 1.326
homogeneit
W2 g y
Unassumed
variance —_ —_ -0.528| 0.032 -1.236 0.854 -2.958 1.326
homogeneity

4. Conclusion

This paper uses collaborative filtering algorithm and knowledge graph to realize the recommendation
and optimization of personalized path in college English vocabulary learning, and designs an
intelligent learning system for college English vocabulary based on this method. Experiments are
carried out to explore the effectiveness of the learning system, and it is found that under the assisted
learning of the system, the English vocabulary learning performance of the students in the
experimental class gradually improves, and the number of students scoring more than 90 points in the
last exam reaches 52. At the same time, the test of English vocabulary learning ability found that in the
average score of English vocabulary knowledge dimension, the average score of English vocabulary
knowledge dimension of the experimental class and the control class was 20.00 and 17.40, and the
score of vocabulary comprehensive application ability of the experimental class was higher than that
of the control group students. This shows that the personalized English learning path recommendation
and optimization system is of great help to students' English vocabulary learning.

Future research can improve the construction of the learner model in the university English
vocabulary personalized learning system, and achieve more accurate and personalized vocabulary
learning resources recommendation through the introduction of the clustering model of learners'
learning styles and interests.
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