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�is study designs and implements a digital English instructional resource management recommendation system based on
collaborative �ltering technology based on CF research and the construction of digital English instructional resources. �is study
designs the system with B/S structure combined with hierarchical design architecture, plans the overall design goal, architecture
design, compilation structure, and key technologies, and designs and implements the system’s core modules on the basis of fully
analysing the functional and nonfunctional requirements of personalized educational resource recommendation system. Fur-
thermore, the traditional CF has been improved to address scalability, data sparseness, and user cold start in the recommendation
process. �e evaluation results show that this algorithm has a recall rate of 96.37% and a system resource recommendation
accuracy rate of 95.31%, both of which are higher than the traditional method’s 6.37%. �is algorithm can overcome the
drawbacks of traditional algorithms, improve recommendation accuracy, and e�ciently provide high-quality English teaching
resources. Educators and students will be more likely to �nd high-quality digital English instructional resources if they use the
instructional resource system proposed in this study.

1. Introduction

�e use and development of digital technology have ushered
in a technological revolution in the world of education. It has
an impact on education, resulting in signi�cant changes in
educational and learning methods [1]. �e result of the
digitalization of teaching media is digital instructional re-
sources. In the �eld of online education, particularly in the
teaching environment, digital instructional resources have
become indispensable. �e information, digitalization, and
networking era have posed a challenge to traditional college
English instruction. �e need for college English teaching
reform is critical in order to adapt to the new situation and
requirements [2]. �e goal of digitalizing English knowledge
is to divide it into manageable chunks, allowing students to
customise, acquire, and organise the platform as they see �t.
It is an English decomposition and matrix assembly process
that assists students in establishing English logic and

thinking as well as internalising English into habits by ef-
fectively connecting and bearing various knowledge such as
society, life, major, and workplace [3]. People gradually
realize that digital and multimedia network technology can
be organically integrated with education and teaching.
Digital technology provides technical support for delivering
a variety of required scenarios that can vividly show phe-
nomena and processes that are di�cult to express in tra-
ditional teaching modes, as well as vividly express abstract
content and guide learners to intuitively feel abstract lan-
guage concepts [4]. In today’s Internet age, the degree of
educational informatization, the digitization of instructional
resources, and the e�cacy of their application have gradually
become an important symbol for evaluating a country’s or
region’s educational modernization process. With the ad-
vent of the Education 4.0 era, the creation and use of digital
resources in English teaching will become more common
[5]. Building and perfecting a digital college English
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instructional resource database can help college English
teachers better accomplish their goals and develop English
professionals who are well rounded in listening, speaking,
reading, writing, and translation.

(e acquisition range of college English instructional
resources has greatly expanded in the information envi-
ronment. It can now be extended to all of the world’s in-
structional resources, not just those in schools and China.
(e abundance of instructional resources also encourages
teaching mode innovation. (e term “instructional resource
bank” refers to a resource bank that can meet teaching
requirements, has rich and diverse teaching content that
adheres to specific requirements and norms, and is con-
venient for professors to impart knowledge and recipients to
learn more effectively [6]. Digitalization of instructional
resources in the information environment is easier to in-
tegrate than books, newspapers, and other written materials,
which is beneficial to the role of resource allocation. Driven
by reform power and teaching demand, all universities have
set up their own instructional resource banks and network
electronic resources to varying degrees after practice and
development [7]. However, nowadays, the creation of digital
resources frequently follows a centralised and unified
management model, in which each university creates its own
resource bank. As a result, each digital instructional resource
bank and resource management system are relatively self-
contained, and their resources are essentially closed off from
one another, resulting in information barriers and islands
[8]. (e current research focus is on how to solve the
problem of information isolation and personalized resource
recommendation. Personalized recommendation services
are now widely used in a variety of industries. Collaborative
filtering technology is currently the most studied and
widely used recommendation system, as well as a per-
sonalized recommendation system with high recom-
mendation efficiency. Many mixed recommendation
methods use collaborative filtering technology, according
to research and analysis of the current personalized
recommendation literature. In the recommendation
process, CF (collaborative filtering) algorithm does not
need to extract the content features of items and can make
cross-domain recommendations, resulting in a high level
of personalization and automation. (is study focuses on
the creation and implementation of CF-based digital
English instructional resources. (e following are some of
its innovations:

① Based on the project characteristics of digital English
instructional resources, this study designs a specific
instructional resource recommendation process.
When searching for the nearest neighbor of the target
user, considering the relationship among users, re-
sources, and resource attributes, the method of
combining the similarity of rating with the similarity
of preference of resource attributes is adopted,
making full use of effective information to mine out
more similar users, improving the recommendation
quality of the system and solving the problem of data
sparsity.

② According to the principle, advantages, and disad-
vantages of collaborative filtering recommendation
algorithm in personalized recommendation tech-
nology, combined with learners’ learning behavior
characteristics, this study constructs a digital English
instructional resource management recommenda-
tion model. In the construction of user model, the
system extracts the features of users’ personalized
resource access to form an individual user model and
clusters users with similar interests to form a group
user model. Finally, an integrated user interest vector
is formed to construct an integrated user model. (is
system provides a good solution for a personalized
recommendation of digital English instructional
resources.

(is study is divided into five sections based on the
research requirements: the first section is the introduction.
(is section explains the research’s content, significance,
methods, and definitions of related concepts and provides a
quick overview of the study’s structure.(e second section is
the literature review. (is section summarises relevant lit-
erature from both domestic and international sources, as
well as the study’s research ideas and methods. (e third
section is methodology. (is section explains the concept,
types, and characteristics of English educational resources;
this study examines the current state of English educational
resource construction; a recommendation system for
managing English instructional resources based on CF is
developed, along with the implementation process. (e
fourth section conducts an experiment with the model
developed in this study, analysing its performance and
practical application impact. (e fifth section is a summary
and outlook. (is section begins by summarising the re-
search work of this study, explaining the findings, and then
looking ahead to future research work and prospects.

2. Related Work

Network teaching relies heavily on the creation of digital
instructional resources. Each website has formed a certain
scale of instructional resources as a result of the establish-
ment of various websites of instructional resources. How-
ever, how to find interesting information from a large
number of instructional resources quickly and effectively
remains a problem. Personalized recommendation services
have a bright future in the information age, and they offer a
fresh perspective on the instructional resource system. More
platforms are introducing recommendation systems to
provide personalized services to users, and many scholars
and experts have devoted themselves to recommendation
system research, with excellent results.

Li designed a flexible, reliable, high-performance per-
sonalized recommendation system architecture that can
store and process petabytes of data and make real-time
recommendations [9]. Osipov et al. proposed an intelligent
online learning recommender system that can self-evolve
while achieving self-adaptation to learners and an open
network environment [10]. (e information resources
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existing in the system are not fixed, and the learning re-
sources on the network can be integrated into the system
according to the interaction between users and the system.
Kambanaros et al. analysed the user’s browsing behavior and
preference information by sampling and then presented the
generated instructional resource recommendation list to the
user, effectively realizing the sharing and recommendation
of resources [11]. Davis studied the application of collab-
orative filtering technology in the personalized recom-
mendation system of scientific literature and proposed two
methods of collaborative recommendation [12]. One is a
collaborative recommendation algorithm based on ontology
concepts and user interests, and the other is a collaborative
recommendation algorithm based on weighted association
rules. Hafner pointed out that the existing network in-
structional resource system has not really applied the per-
sonalized recommendation technology and is only in the
research stage. With the continuous enrichment of in-
structional resources, the need to realize personalized rec-
ommendation service of network instructional resource
system is more andmore urgent [13]. Shi and Yang proposed
a method for real-time recommendation of current and
subsequent learning materials based on learner interests and
progress [14]. (e method is implemented through three
links: data and processing, mining neighbor learners, and
recommendation of learning materials. Gee et al. proposed
an online automatic recommendation system based on a
hybrid filtering recommendation technique. (e system
combines content-based filtering and collaborative filtering
to make recommendations based on the user’s recent
navigation history [15]. Yuan builds a user interest model by
combining explicit tracking and implicit tracking of users
[16]. Nielsen and Hoban applied web mining, association
rule mining, and decision tree techniques to recommender
systems to recommend suitable resources to users [17].
Arnaiz-González et al. studied the personalized resource
recommendation service in the basic education resource
network and proposed a personalized resource recom-
mendation service model [18]. Aiming at the contradiction
between the current ubiquitous mass instructional resources
and the personalized needs of users, Barry proposed to
introduce personalized recommendation technology into
the network instructional resource system [19]. (e system
fully pays attention to the individual differences of learners
and provides users with personalized services according to
the learners’ learning background and interests. For the
sparsity problem of rating data, Cazden proposed that the
dimensionality of item space can be reduced by using the
singular value decomposition technique, thereby improving
the sparsity of user rating data [20].

(is study examines CF and related literature in the field
of instructional resource construction, as well as personal-
ized recommendation technology. A recommendation sys-
tem for English instructional resource management based
on CF is designed based on the foregoing. (e algorithm
chooses the user with the greatest distance as the initial
clustering centre, divides users with similar resource attri-
bute preferences into the same cluster through offline
clustering, and searches the nearest neighbors in several

clusters close to the target user, reducing the time and space
cost of neighbor query.(e flexible data processing ability of
Spark and Hadoop technologies is realized in this study, and
the discipline classification tree is constructed to form a
better organisational resource model and user model of
tagged data sources. (e cold start problem is solved and the
algorithm’s accuracy is improved by using a hybrid rec-
ommendation algorithm based on content and collaborative
filtering. (e experiment demonstrates that the research
presented in this study can aid in the creation and sharing of
digital instructional resource databases and improve
learners’ learning efficiency.

3. Methodology

3.1. Digital English Instructional Resources. Digital instruc-
tional resources refer to all kinds of materials or systems that
are processed digitally, support the effective operation of
teaching, realize the teaching purpose, and can run on the
computer or network environment [21]. It can reduce the
macroworld, enlarge the microworld, turn the abstract into
the concrete, turn the virtual into reality, and put history,
future, and present into operation at the same time. It can
fully arouse students’ positive thinking in all senses. It can
enable students to find and share digital knowledge and
information resources through independent or creative
ways, realize multilevel communication, evaluation, and
exchange, and stimulate students’ interest in learning. (e
design of digital instructional resources has two contents,
one is the organisational design of instructional resources
and the other is the description information design of in-
structional resources. In order to make the best use of digital
English instructional resources, digital English instructional
resources must be designed concisely, easy to understand,
and operate. Some fashion elements can be added to the
resource library to attract students. At the same time, it is
necessary to fully consider the description of the resources
themselves, that is, the design of descriptive information of
instructional resources. Generally, it should include overall
description, history and current situation description,
metadata description, teaching characteristics description,
ownership description, generic information description, and
quality information description [22]. (e particularity of
digital English instructional resources lies in the following
aspects: ① dealing with digitalization and realizing the
quantification and standardization of information. ②
Network transmission, clear information support points and
links, and establishing an information chain. ③ Intelligent
retrieval to meet the demand of customised information
acquisition. ④ Multimedia presentation and realizing
multilayer simultaneous stimulation such as audiovisual and
speaking. ⑤ Hyperlinking of organisation, which realizes
platform-type hyperlink of various information and re-
sources and completes the knowledge structure. (e digital
college English instructional resource management model is
shown in Figure 1.

(e depth and breadth of college English textbooks and
courseware are currently lacking [23]. Many teachers dis-
cover that the format of courseware solidifies over time. As a
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result, the digital English instructional resource database
must use the existing or under-construction campus net-
work to provide teachers with access to instructional re-
sources and to aid in the teaching of students’ English
listening, speaking, reading, writing, and translation skills.
Multimedia materials, teaching software, a network plat-
form, and an integrated teaching system are just a few of the
digital English instructional resources available.(ese digital
resources can be organised by classifying knowledge points,
teaching emphasis or difficulty, or knowledge and skill. It is
important to note that the goal of digitalizing English
knowledge is to divide it into manageable chunks so that
students can customise, acquire, and organise the platform
as they see fit. It is an English matrix assembly and linear
decomposition process. It can assist students in developing
English logic and thinking, as well as internalising English
into habits, by effectively connecting and bearing various
types of knowledge, such as society, life, major, and
workplace. Learning resources in the network differ from
traditional books and teaching materials due to the digita-
lization of learning objects. Traditional instructional re-
sources are blocked and rigid due to the lack of digital media
technology, making information sharing and transmission
difficult. Learning objects that have been digitalized can help
with the effective transmission of learning materials and
resource sharing [24]. Digital instructional resources pro-
vide vivid and intuitive learning materials for students;
through a large number of repeated information input,
listening and speaking training becomes easy, thereby
arousing the enthusiasm of students’ classroom participa-
tion and promoting classroom interaction. It overcomes the
passive situation of students in traditional classroom
teaching and provides an effective guarantee for improving
students’ listening and speaking abilities. In the functional

application of digital English instructional resources,
teachers and students are more dependent on retrieval
function and interactive function.

3.2. CF. (is section mainly introduces the recommenda-
tion system and common collaborative filtering recom-
mendation technology in detail. In the traditional system
platform, the user browsing platform can only passively
receive the information provided by the platform. Because of
the different needs of each user, it cannot serve every user.
With the development of educational informatization, the
number of instructional resources on the Internet is also
increasing [25]. Information technology has become in-
creasingly difficult to help users find the resources they need.
(e personalized recommendation technology changes the
system from a passive information provider to providing
users with interesting information, which is more targeted
than the traditional way. A personalized recommendation
system can free users from massive information and greatly
save the time and cost of finding commodities. At present,
personalized service has become a new research hotspot in
intelligent information processing and network technology.
Personalized recommendation technology can analyse and
predict users’ behavior by collecting and analysing users’
information, so as to better provide users with their cor-
responding services and achieve the purpose of personalized
service. From the overall hierarchical structure, the rec-
ommendation system is mainly composed of three modules:
① Input Function Module. Its main function is to collect and
update data and do some preprocessing work to improve
data quality.② Recommendation AlgorithmModule. It is the
core and part of the recommendation system, through which
users will get the final recommendation result. ③ Output
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Figure 1: Digital college English instructional resource management model.
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Function Module. (e results obtained by the recommen-
dation algorithm module are displayed to users through this
module.

(e personalized recommendation algorithm is at the
heart of the system, and it plays a critical role in recom-
mendation quality. When selecting a personalized recom-
mendation algorithm, it is necessary to weigh the benefits
and drawbacks of various recommendation algorithms in
light of the application field’s unique characteristics in order
to select the most appropriate recommendation algorithm
for this application. A good recommendation algorithm can
improve the performance of a recommendation service, find
the information users require quickly and accurately, and
increase resource utilisation and website service quality.
User statistics-based recommendation, content-based rec-
ommendation, and collaborative filtering recommendation
are the three types of personalized recommendation tech-
nology currently available. Users should be able to express
their needs easily, and personalized recommendation sys-
tems should actively recommend resources to them. (e
system can adapt to changing user requirements over time.
(e advantage of a recommendation based on user statistics
is that it does not rely on user behavior information, so there
is no cold start problem. It can be used internally in a variety
of fields because it is not dependent on the resource’s
information. In the field of information retrieval, content-
based recommendation is proposed. Content-based rec-
ommendation is a recommendation method that was
previously used with personalized recommendation tech-
nology. Content-based recommendations are based on the
assumption that items that are similar in content to infor-
mation items that the user was interested in previously will
remain interesting to the user in the future. (e basic idea
behind content-based recommendation is to assess users’
behaviors and needs based on the content they have access
to. User interest files are used to describe each user’s in-
terests; a feature vector is created by extracting the features
of each resource’s information content; the recommenda-
tion system recommends resources based on similarity. (is
recommendation mechanism is more accurate than the
statistical recommendation method of users because it can
model the user’s preference resources well.

(e principle of collaborative filtering recommendation
is to find the correlation between resources or between users
according to their preferences for items or resources and
then make recommendations based on these correlations.
Collaborative filtering recommendation is mainly divided
into user-based recommendation and project-based rec-
ommendation.(e basic idea of collaborative filtering is very
intuitive. In daily life, people often make some choices such
as shopping, reading, and music according to the recom-
mendations of friends and relatives. Collaborative filtering
technology is to apply this idea to information recom-
mendation and recommend a certain user based on other
users’ evaluation of certain information. Generally speaking,
collaborative filtering needs to solve two problems: ① how
to determine the user groups with similar interests and ②
how to predict the resources or items that users are inter-
ested in.(ere are three basic starting points:① users can be

classified according to their interests, ② the user’s rating
information on the project includes the user’s interest in-
formation, and ③ users’ ratings of unevaluated items are
similar to those of similar users. (e structure of English
instructional resource management recommendation sys-
tem based on improved CF is shown in Figure 2.

Users must make an explicit subjective evaluation of the
resources on the web page in order to score their preferences
for resources. Implicit behavior, on the other hand, does not
require users to make subjective judgments, and some
website actions are recorded. We can combine display
tracking with implicit tracking to better grasp the user’s
interest, using display tracking to obtain the static user’s
interest and implicit tracking to obtain the dynamic user’s
interest. (e collaborative filtering recommendation algo-
rithmmakes recommendations to target users based on their
closest neighbors’ preferences. When determining the target
users’ nearest neighbors, it calculates the similarity between
the target users and other users in the user group and then
chooses the K users with the greatest similarity to form the
target users’ nearest neighbors. (e collaborative filtering
recommendation algorithm is based on the assumption that
people have similar behaviors and will make similar deci-
sions. (e user’s choice contains information about the
user’s interests. (e algorithm calculates the similarity be-
tween users by analysing which items’ users evaluate, gen-
erate the user set with the most similar interest to the current
users, predict the current users’ rating on the items by using
the item ratings in this user set, and finally obtain the
recommendation list and make recommendations. When
CF recommends users, the main process is divided into three
parts: constructing a scoring matrix, finding the nearest
neighbors, and generating recommendations.

3.3. CF-Based Recommendation System for English Instruc-
tional Resources Management. (e overall goal of the En-
glish instructional resource management recommendation
system in this study is to realize the digital instructional
resources that can be used by teachers and students in
multicampus conveniently under the environment that
conforms to the overall planning and design of the con-
struction unit. (e core of personalized network instruc-
tional resource system is recommendation module, which
determines the performance of personalized network in-
structional resource system to a great extent. (e key of
recommendation module is to choose an appropriate per-
sonalized recommendation algorithm, which can effectively
integrate with application fields, reduce possible problems,
improve recommendation quality, and reduce the com-
plexity of the system. (e traditional recommendation of
instructional resources focuses on the main body, while
ignoring the interrelation between instructional resources.
Aiming at the problems existing in CF and instructional
resource recommendation, this study comprehensively
considers the relationship between resources and the
characteristic behavior information of users themselves to
improve the algorithm. First, the learner’s behavior and
information are digitally modeled to form a model. (en,
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according to the current system situation, the filter strategy
is selected, and the learner’s behavior influencing factors are
added to form the nearest neighbor set. Finally, online
recommendation of learners in various media will be con-
ducted, and the interaction between learners and the system
will have an impact on the whole recommendation system,
thus forming an organic whole repeatedly. In order to solve
the cold start problem in recommendation system, that is,
how new users recommend personalized resources to users
without any interest preferences and associated friends, this
study adopts content-based recommendation algorithm to
solve this problem. In a recommendation system based on
collaborative filtering technology, the input data can usually
be expressed as a user-item evaluation matrix R with m∗ n,
as follows:

R(m, n) �

R1,1 R1,2 . . . R1,n

R2,1 R2,2 . . . R2,n

R3,1 R3,2 . . . R3,n

Rm,1 Rm,2 . . . Rm,n

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (1)

Among them, the rows represent users, with a total of m

and the columns represent items, with a total of n. (e value
ofRij represents the evaluation value of the item j by the user
i, which is generally obtained by the user displaying the
submission interest evaluation level. For two users i and j,
the resource sets scored by the two users are as follows:

Iu � ic | ic ∈ I∧ruc ≠ 0 ,

Iv � ic | ic ∈ I∧rvc ≠ 0 .
(2)

(e weight function can be expressed as follows:

f(u, v) �
Iu ∩ Iv



2

Iu


 × Iv



. (3)

At the same time, the Pearson correlation coefficient
modified by the weight function is shown in the following
formula:

Simp(u, v) �
Iu ∩ Iv



2

Iu


 × Iv




i∈IUV
Rui − Ru(  Rvi − Rv( 

���������������

i∈IUV
Rui − Ru( 

2
 ���������������

i∈IUV
Rvi − Rv( 

2
 .

(4)

In the calculation of similarity, users’ preferences for
user resources can be used as a vector to calculate the
similarity between users. (e similarity is judged according
to the distance between two vectors. (e smaller the dis-
tance, the greater the similarity between them. Traditional
CFs generally only recommend users according to the
scoring matrix, but in the instructional resource system, the
user scoring data are less than the resource scale, so the
overall scoring data are sparse. Aiming at this problem, this
study considers the attribute characteristics of resources.
When a user generally gives a high rating to the resources
with certain attributes, it can be considered that the user
prefers such attributes. By comprehensively measuring user
similarity through scoring similarity and resource attribute
preference similarity, we can mine users’ potential points of
interest, increase data density, and alleviate data sparsity. By
constructing a discipline classification tree as the basic
structure of instructional resources classification and user
tag data, the system labels users by using the professional
direction selection and interest topics when users register or
log in for the first time, and the skimming data come from
the classification tree. User model updating is to improve the
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Figure 2: Improved structure of English instructional resource management recommendation system based on CF.
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original model according to the explicit or implicit feedback
from users. In this way, the model can be well matched with
the latest preferences of users, thus improving the accuracy
and recommendation quality of the model. (e system
information database is the data source of the whole digital
collaborative system. In this model, we collect and record
learners’ learning behaviors and mine learners’ learning
behavior trajectories to establish learners’ behavior models.

Items i and j can be viewed as vectors of two n di-
mensions. (e similarity of two items is estimated by cal-
culating the spatial angle of these two vectors. For the
scoring matrix of m∗ n, the similarity calculation formula of
item i and item j is as follows:

Sim(i, j) � cos( i
→

, j
→

) �
i

→
· j
→

| i
→

| · | j
→

|
. (5)

Among them, · represents the vector inner product. (e
predicted score of the target user u to the item j is as follows:

Pu,j �


k
j�1 Sim(i, j) × Ru,j


k
j�1 Sim(i, j)

. (6)

Among them, k represents the resource set most similar
to item i in the nearest neighbor table, andRu,j represents the
evaluation that user u has made on item j and the predicted
evaluation value obtained by the content-based algorithm.
Mainly combined with cross validation to achieve, the
formula is as follows:

MAE �
gtest ⊂ Gtest g

test
(prediction) − g

test
(authentic)




G
test


. (7)

Among them, gtest(authentic) is the real score,
gtest(prediction) is the predicted score, and Gtest is the entire
set of user scores to be predicted. (e system uses recall and
precision to evaluate the performance of its personalized
recommendation. (e formula is as follows:

Recall ratio �
Recommended number of related resources

Total number of related resources
× 100%,

Precision ratio �
Recommended number of related resources

Number of recommended resources
× 100%.

(8)

(e user-item scoring matrix is used in this study to
express users’ preferences for items, and it is used to im-
plement collaborative filtering recommendation technology.
Its advantage is that it is suitable for the representation and
establishment of a specific group user model due to group
users’ interest bias. All users can benefit from the system’s
recommendation function, which allows both logged-in and
non-logged-in users to recommend personalized results and
non-logged-in users to capture their interests based on real-
time page operations. Learners will rate their satisfaction
with a course after completing it, and the data will be saved
in the user evaluation database.(e accuracy of collaborative
filtering recommendations is affected by the detail of the user

evaluation database. Users with similar resources have a high
degree of similarity in this study. Users in the system are
clustered based on scoring information and resource at-
tribute information, and clustering technology is applied to
collaborative filtering recommendation. Users who have
similar resource attribute preferences are grouped together.
Finding the nearest neighbor in several clusters near the
target user reduces the space-time cost of neighbor search,
alleviates some scalability and real-time issues, and improves
recommendation efficiency and quality. (e personalized
network instructional resource system actively provides
recommendation resources to users based on their regis-
tration information and behavior characteristics after the
introduction of personalized recommendation technology,
transforming users from passive browsers to active learners.

4. Result Analysis and Discussion

(e comparison experiment of the model and algorithm, as
well as the analysis of the results, is the main focus of this
chapter. (is study designs an evaluation experiment for
the model and algorithm to quantitatively obtain the
recommendation index of the recommendation model
after the English instructional resource management rec-
ommendation system has been implemented. (is will
allow us to gain a better understanding of the recom-
mendation model’s benefits and drawbacks, as well as serve
as a guide for optimising the model’s parameters and
further optimisation. (e system has 100 users registered,
and a database of 100 users’ personality traits has been
created. (e instructional resource database has a scale of
200 and 50 interest groups. (e top ten English instruc-
tional resources with the most similarity are chosen and
made available to the appropriate users. (e experiment
data come from the user operation log in this system, which
is used to train the homepage recommendation module.
(e system will call each module to calculate the recom-
mendation degree of this instructional resource to the user
and then save the recommendation degree and the user
scoring characteristic value into the database, when the
user browses the detailed page of instructional resources
and scores the instructional resources. Table 1 lists the
experimental setup.

(e function of the instructional resource retrieval
module is to receive users’ retrieval requests. First, users
express their query requirements as keywords or search
expressions and input them into the system through the user
interface. After the system receives the user’s search words or
search expressions, the traditional database management
system will find out all qualified instructional resources from
the instructional resource database according to the
matching of the query fields, and form the search results. In
the experiment, the sparse level of the data set is also
considered, which is defined as the percentage of items in the
user-item scoring matrix that are not scored. Figure 3 shows
the subjective rating results of users on recommended re-
sources of different recommendation systems.
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It can be seen that the recommended results of English
learning resources in this system are more in line with users’
needs and preferences, so its score is higher. In addition, the
evaluation algorithm, as a standard to measure the rec-
ommendation effect of recommendation system, plays a very
important role. (erefore, the selection of evaluation al-
gorithms and the characteristics of different evaluation al-
gorithms need to be taken into account, so as to
comprehensively evaluate the recommendation effect of a
recommendation system. At the same time, it can compare
with other recommendation systems comprehensively and
get a comprehensive understanding of the recommendation
effect of the recommendation system. Figure 4 shows the
comparison of different algorithms when selecting different
sparsity.

As can be seen from Figure 4, the improved CF is more
accurate than other algorithms because it adds the user
behavior weight calculation when the sparsity is small. In
this experiment, the average absolute error and recall rate,
which are the most widely used and intuitive statistical
accuracy measurement methods, are used as evaluation
criteria. During the experiment, the data set is divided into a
training set and testing set. (e algorithm works in the
training set and predicts the items in the testing set through
the data in the training set. (e comparison algorithm used
in this study is the classic user CF and project CF. (e
average absolute error results of different algorithms are
shown in Figure 5. (e recall results of different algorithms
are shown in Figure 6.

(e smaller the absolute error value, the higher the
recommendation quality. (e higher the recall rate of the
algorithm, the better the performance of the algorithm.
From the comparison results of the average absolute error
and recall rate of the evaluation algorithm, it shows that the
recommendation algorithm in this study is more accurate
than the project CF and the user CF in recommending
instructional resources. Table 2 lists the experimental results
of filtering evaluation indexes.

Using the collected data set, under the condition of the
same training set and testing set, the recommendation ac-
curacy of different models is compared, and the nearest
neighbor size is adjusted to make it produce the best effect in
the recommendation process as much as possible. (e
recommended accuracy results of different models are
shown in Figure 7.

(e results show that the recommendation accuracy of
this model is high. (e average filtering accuracy of this
system is slightly higher than that of the control

Table 1: Experimental environment settings.

Category Setup
Processor Dikaryon
Internal storage 512
Hard disc 80GB
Operating system Windows
Development platform MyEclipse
Program Java
Database system MySQL

Weighted association rule recommendation model
User-based recommendation model
Recommended model in this paper
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Figure 3: Comparison of users’ subjective ratings.
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Figure 4: Comparison of algorithm results when selecting different
sparsity.
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Figure 5: Average absolute error results of different algorithms.
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experimental system. (e main reason is that the former
filters instructional resources according to the personalized
characteristics of users, and the results are more targeted.
(erefore, the model designed in this study, which has the
learning function of users’ personality characteristics and
comprehensive filtering function, can effectively improve the
recall and precision of personalized retrieval and person-
alized recommendation in English instructional resource
service. (rough the analysis of various experimental data, it
can be seen that the English instructional resource man-
agement recommendation system constructed in this study
is stable. (e algorithm’s recall rate can reach 96.37%, and
the recommendation accuracy rate is as high as 95.31%,
which is higher than the traditional method’s 6.37%. (e
English instructional resource management recommenda-
tion system constructed in this study has good performance
in all aspects and effectively improves the satisfaction of
resource users. It can effectively provide high-quality re-
sources for English teaching and can better satisfy users’
experiences.

5. Conclusions

(is study examines the use of personalized recommen-
dation systems and digital English instructional resources, as
well as the principle, recommendation process, and classi-
fication of collaborative filtering recommendation algo-
rithms. (is study has conducted extensive research on the
topics of sparsity, cold start, and scalability of collaborative
filtering recommendation algorithms, as well as proposed
solutions. A CF-based English instructional resource
management recommendation system is designed and
implemented as a result of this. (is study describes in detail
the key technologies used in the system, presents the overall
framework and functions of the digital English instructional
resource system, and designs and implements a personalized
recommendation module in the instructional resource
system based on the learning habits and instructional re-
sources of users. (e system’s advancement allows for better
sharing and reuse of digital resources, as well as the dis-
covery of instructional resources that learners may be in-
terested in. (e system’s usability, ease of use, stability, and
high real-time performance are demonstrated through the
running test and performance analysis, and the system’s
convenient capacity expansion for many times in the future
is also demonstrated. According to the research, this algo-
rithm has a recall rate of 96.37% and a recommendation
accuracy rate of 95.31%, which is higher than the traditional
method’s 6.37%. (e English instructional resource man-
agement recommendation system developed in this study
performs well in all areas and effectively increases resource
users’ satisfaction. It has the potential to effectively provide
high-quality resources for English teaching while also im-
proving user satisfaction. However, because the digital
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Project collaborative filtering algorithm

�e improved algorithm in this paper
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Figure 6: (e recall results of different algorithms.

Table 2: Experimental results of evaluation index.

Model
Average

precision rate
(%)

Average
recall rate

(%)
Weighted association rule
recommendation model 89.34 91.42

User-based recommendation model 84.12 86.37
Content-based recommendation
model 82.36 85.24

Recommended model proposed in
this study 95.36 96.17

Weighted association rule recommendation model
User-based recommendation model
Recommended model in this paper

40 60 80 100 120 140 160 180 20020
Iterative index

0.5

0.6

0.7

0.8

0.9

1

Re
co

m
m

en
de

d 
ac

cu
ra

cy

Figure 7: Recommended accuracy results of different models.
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English instructional resource system is a complex learning
platform with time and technology constraints, there are still
some issues in the system’s research and development that
need to be addressed. (e balance between the real-time
performance of the recommendation system and recom-
mendation quality is the focus of the following work. Ad-
ditional research into the characteristics of educational
resources is necessary to expand the user interest model and
instructional resource model.

Data Availability

(e data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

(e author declares that there are no conflicts of interest.

References

[1] B. V. Tucker, M. C. Kelley, and C. Redmon, “A place to share
teaching resources: speech and language resource bank,”
Journal of the Acoustical Society of America, vol. 149, no. 4,
p. A147, 2021.

[2] X. Yang, “Research on integration method of AI teaching
resources based on learning behavior data analysis,” Inter-
national Journal of Continuing Engineering Education and Life
Long Learning, vol. 30, no. 1, p. 1, 2020.

[3] S. Huang, “Design and development of educational robot
teaching resources using artificial intelligence technology,”
International Journal of Emerging Technologies in Learning
(iJET), vol. 16, no. 05, p. 116, 2021.

[4] S. Yanhong, “Design of digital network shared learning
platform based on SCORM standard,” International Journal of
Emerging Technologies in Learning (iJET), vol. 13, no. 07,
p. 214, 2018.

[5] I. Moodie and H.-J. Nam, “English language teaching research
in South Korea: a review of recent studies (2009-2014),”
Language Teaching, vol. 49, no. 1, pp. 63–98, 2016.

[6] A. Waters, “Managing innovation in English language edu-
cation: a research agenda,” Language Teaching, vol. 47, no. 1,
pp. 92–110, 2014.

[7] Y. Yi Lo and E. S. Chung Lo, “A meta-analysis of the ef-
fectiveness of English-medium education in Hong Kong,”
Review of Educational Research, vol. 84, no. 1, pp. 47–73, 2014.

[8] E. J. Erling, “Innovation and change in English language
education,” ELT Journal, vol. 69, no. 2, pp. 217–219, 2015.

[9] W. Li, “Application of cloud computing in informatization of
physical education teaching resources[J],” Revista de la Fac-
ultad de Ingenieria, vol. 32, no. 11, pp. 626–631, 2017.

[10] I. V. Osipov, A. Y. Prasikova, and A. A. Volinsky, “Participant
behavior and content of the online foreign languages learning
and teaching platform,” Computers in Human Behavior,
vol. 50, no. 9, pp. 476–488, 2015.

[11] M. Kambanaros, C. N. Giannikas, and E.(eodorou, “English
foreign language teachers’ awareness of childhood language
impairment[J],” Clinical Linguistics and Phonetics, vol. 35,
no. 3, pp. 1–17, 2020.

[12] J. M. Davis, “Toward a capacity framework for useful student
learning outcomes assessment in college foreign language
programs,” 1e Modern Language Journal, vol. 100, no. 1,
pp. 377–399, 2016.

[13] C. A. Hafner, “Remix culture and English language teaching:
the expression of learner voice in digital multimodal com-
positions,” Tesol Quarterly, vol. 49, no. 3, pp. 486–509, 2015.

[14] Y. Shi and X. Yang, “A personalized matching system for
management teaching resources based on collaborative fil-
tering algorithm,” International Journal of Emerging Tech-
nologies in Learning (iJET), vol. 15, no. 13, p. 207, 2020.

[15] K. L. Gee, T. B. Neilsen, and S. D. Sommerfeldt, “Resources for
teaching near-field acoustical holography in advanced
acoustics courses,” Journal of the Acoustical Society of
America, vol. 135, no. 4, p. 2159, 2014.

[16] Q. Yuan, “Network education recommendation and teaching
resource sharing based on improved neural network,” Journal
of Intelligent and Fuzzy Systems, vol. 39, no. 4, pp. 5511–5520,
2020.

[17] W. Nielsen and G. Hoban, “Designing a digital teaching
resource to explain phases of the moon: a case study of
preservice elementary teachers making a slowmation[J],”
Journal of Research in Science Teaching, vol. 52, no. 9,
pp. 1207–1233, 2015.
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