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Abstract

To improve the precision of Web content personalized recommendation, a
Web content personalized recommendation system based on collaborative
filtering improved by combining k-means and LightGBM is proposed. Firstly,
the k-means clustering algorithm (k-means) is improved by using the Rat
Swarm Optimizer (RSO) algorithm to cluster and group users and Web
content. At the same time, Light Gradient Boosting Machine (LightGBM)
algorithm is introduced to predict the level of interest of users in web content,
and collaborative filtering recommendation method improved by combining
k-means and LightGBM is proposed. Then, simulation experiments are con-
ducted, thus verifying the recommendation method. Finally, B/S architecture
is used to design and test the recommendation system. The results reveal that
MAE and RMSE of the collaborative filtering recommendation method is
improved by combining k-means and LightGBM for recommendation on the
UserBehavior dataset are 1.08% and 2.41%, respectively, and its precision,
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recall and F1 are 98.76%, 98.64% and 98.53%, respectively. Therefore, a Web
content personalized recommendation system based on collaborative filtering
improved by combining k-means and LightGBM has perfect functional mod-
ules, and it can meet Web content personalized recommendation, which has
certain practical application value.

Keywords: Machine learning, collaborative filtering, content recommen-
dation, personalized recommendation, k-means algorithm, LightGBM algo-
rithm.

1 Introduction

In current Internet media, Web content is the main form of Internet media,
because it contains graphics, videos and other content, and more and more
websites launch personalized Web pages. However, due to the rich informa-
tion and large amount of data in Web content, the difficulty for users to find
Web content they are interested in is actually increased. To address this issue,
personalized recommendation systems have emerged.

Chenzhong et al. proposed a knowledge learning method based on
personalized recommendation. By using knowledge graph information to
model and analyze users’ interests and preferences, the fine-grained pref-
erences of users could be better captured and the accuracy of personalized
recommendation was improved [1]. Pelanek et al. proposed a website per-
sonalized recommendation based on a rule modular approach, which realized
adaptive learning website personalized recommendation by analyzing large-
scale data, which had positive significance for improving students’ learning
efficiency [2]. Fayçal et al. proposed a recommendation method based on
deep neural collaborative filtering, and developed a recommendation sys-
tem based on this recommendation method, so as to achieve personalized
recommendations for e-commerce. The recommendation accuracy was 0.85,
click through rate was 0.12, and recall rate was 0.78 [3]. Mishra et al.
proposed a personalized recommendation method based on machine learning
and collaborative filtering. By using machine learning to solve the cold-start
problem of the collaborative filtering recommendation method, users’ interest
in Web content recommendation results was improved, and personalized Web
content recommendation was realized [4]. Anitha and Kalaiarasu designed
a set of collaborative filtering recommendation systems based on optimized
machine learning. By adopting the k-means algorithm to optimize machine
learning, improving the collaborative filtering recommendation method, and
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applying it to e-commerce recommendation in websites, personalized product
recommendation was realized [5]. Pengjie proposed an automated machine
learning improved collaborative filtering recommendation method. By using
automated machine learning to optimize collaborative filtering recommenda-
tion methods, personalized recommendation of web content was achieved [6].
Mecheri et al. combined the advantages of deep learning in the field of
recommendation systems to propose a neural network-based Web content
recommendation method, which guided the development of future Web
service recommendation work and improved the accuracy of Web content
recommendation by using neural networks to analyze Web content data [7]. In
order to improve the quality of Web content recommendation, Gnanasekaran
et al. proposed a Web content recommendation method based on hybrid deep
learning by combining a convolutional neural network and an intubator mem-
ory neural network, and collected data from the WSDream data repository
for training. Experiment showed that the method improved the accuracy of
Web content recommendation, with an average absolute percentage error and
an average absolute scale error of 7.5% and 2%, respectively, which was in
sharp contrast to the conventional methods [8].

Comparing the machine learning based on collaborative filtering and the
web content recommendation method based on deep learning, it can be seen
that the web content recommendation method based on collaborative filtering
has certain advantages in recommendation precision. The reason for this
is that the machine learning-based Web content recommendation method
can effectively solve the cold-start problem and improve the precision and
personalization of the recommendation results. However, the web content
recommendation method based on deep learning has a poor recommendation
effect in an open and dynamic environment, and is easily affected by bias
in the training data, resulting in the recommendation results not meeting the
user’s expectations, which is also the main reason for the low recommenda-
tion precision of the current web content recommendation method [9, 10].
Therefore, this paper adopts the machine learning method of collaborative
filtering as the recommendation method of a Web content personalized
recommendation system. Meanwhile, considering that collaborative filtering
recommendation algorithms cannot identify similar user groups and content
types when constructing web user and content rating matrix methods, an
improved k-means algorithm based on RSO is adopted to cluster and group
similar users and content. Then, a prediction method of the LightGBM
algorithm is proposed in combination with the problem of the collaborative
filtering recommendation algorithm in the user’s poor prediction accuracy
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of interested content. The LightGBM algorithm can effectively improve the
algorithm prediction precision by optimizing the algorithm and feature selec-
tion method. For example, Messaoudi and Loukili optimized the collaborative
filtering algorithm using the LightGBM algorithm to meet user preferences
for content, which improved user interaction with recommended content [11];
Chunxue Zhang et al. used the LightGBM algorithm to predict user click
rate, which improved the content recommendation precision of the collab-
orative filtering algorithm [12]. Therefore, using the LightGBM algorithm
to improve the collaborative filtering algorithm is feasible to improve the
accuracy of the collaborative filtering algorithm in predicting the user’s inter-
ested content. Based on the above analysis, this paper proposes to combine
the improved k-means algorithm and LightGBM algorithm for personalized
recommendation of Web content.

The innovation points of this paper are: first, the k-means algorithm
improved by the RSO algorithm is used to cluster similar users and content,
and identify similar user groups and similar content types. At the same time,
the dimensionality reduction and screening of large-scale data are carried
out, thus the data dimension is reduced, and the recommendation precision
and effect are improved. Then, LightGBM is adopted to predict the target
users and their interested content, improving the precision of web content
recommendation.

The organizational structure of this paper is as follows: The first section
analyzes the background and significance of the birth of the recommendation
system, and points out the existing problems of recommendation systems;
the second section describes the principle of the collaborative filtering rec-
ommendation method; the third section improves the collaborative filtering
recommendation algorithm according to the limitations of the collaborative
filtering recommendation method; the fourth section designs a Web content
personalized recommendation system and tests its functions based on the
improved collaborative filtering recommendation method; the fifth section
summarizes research results and draws conclusions.

2 The Collaborative Filtering Recommendation Method

Collaborative filtering is a commonly used recommendation method in rec-
ommendation systems. Compared with the content-based recommendation
algorithm, collaborative filtering recommendation methods can effectively
recognize users who are interested in the content according to their past
behavior, thereby achieving accurate and fast content recommendations
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(a) Collaborative filtering based on user  

(b) Collaborative filtering based on content  

User 1 User 2 User 3
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Content 1 Content 2 Content 3 Content 4

Figure 1 Schematic diagram of collaborative filtering recommendation methods.

[13–15]. Therefore, the collaborative filtering recommendation method is
selected as the recommendation method.

Figure 1 shows the recommendation principle of the collaborative filter-
ing recommendation method.

Among them, Figure 1(a) shows the principle of user-based collaborative
filtering recommendation, which carries out recommendation by predicting
user’s historical behavior. Figure 1(b) shows the principle of content-based
collaborative filtering recommendation, which conducts recommendation on
users based on the similarity of content. Because the user-based collaborative
filtering recommendation method has a better recommendation effect, this
recommendation method is selected for recommendation in this paper. The
specific operation is as follows: First, construct a scoring matrix between
users and content, compare user similarity, and construct a similar user set.
Then, predict the level of interest of target users in the content. Finally, select
content with higher predicted values for recommendation, so as to achieve
personalized recommendation [16–18].

The construction method of a scoring matrix between users and content
is shown in Equation (1), a calculation formula of similarity is shown in
Equation (2), and prediction result of target users’ interest in content is shown
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in Equation (3) [19–21].

X =

U1P1 · · · UiP1

· · · · · · · · ·
U1P1 · · · UiPj

 (1)

sim(Ui, Uj) =
VUi · VUj

|VUi | · |NUj |
(2)

ps(Ui, Pt) =

∑
Um

sim(Ui, Um)G(Um, Pt)∑
Um

sim(Ui, Um)
(3)

where Ui represents the user; Pj indicates content; UiPj is the score of Ui on
Pj ; sim(Ui, Uj) stands for similarity between Ui and Uj ; VUi represents the
scoring vector of Ui for the content; VUj is the scoring vector of Uj for the
content; NUj is the content that Uj interacts with; Um indicates the neighbor
user; t is unrated content.

The recommendation process of the user-based collaborative filtering
recommendation method is as follows:

First, input user behavior data, including browsing, favorites, and other
content. Then, perform data cleaning and processing, and generate a user-
content matrix to reflect the interaction between users and content; Next,
the user-content matrix is decomposed to obtain user features and content
features, and the similarity of the user feature matrix is calculated according
to Equation (2). Finally, based on similarity calculation results, predict the
level of interest of target users in the content and generate personalized
content recommendation results [22].

The above process can be represented as a schematic diagram as shown
in Figure 2.

3 Web Content Personalized Recommendation Based on
Collaborative Filtering Improved by Combining k-means
and LightGBM

3.1 Improvement of the Collaborative Filtering Recommendation
Method

The recommendation method based on collaborative filtering has excellent
recommendation performance. However, due to the limitations of construct-
ing user and content scoring matrices and predicting the level of interest
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Input user behavior data

Data processing

Generate user-product matrix

User-product matrix decomposition
User feature matrix

User feature matrix

Calculate user similarity

Generate recommendation results 

Figure 2 Recommendation process of the user-based collaborative filtering recommendation
method.

of target users in content, the efficiency, accuracy, and personalization of
recommendation results are not high. To solve the above problems, this paper
improves the recommendation method of collaborative filtering.

3.1.1 Introduction of the k-means algorithm
The k-means algorithm is a clustering analysis method that is often used
in the field of recommendation. It can provide users with more accurate
personalized content recommendation results by dividing users and content
into different groups and different types according to user behavior data.
Therefore, in the user and content scoring matrix generated by the collab-
orative filtering recommendation method, this paper introduces the k-means
algorithm to group users and content, so as to identify similar user groups and
similar content types.

The k-means algorithm can group users and content, and recommend
personalized web content to users that they are interested in. However,
because the k-means algorithm is sensitive to initial clustering center, it is
easy to fall into a local optimal solution, which further affects the personal-
ization and accuracy of the recommendation results of the k-means algorithm.
Therefore, to solve this problem, the RSO algorithm is adopted to carry out
improvement.

The principle of the RSO algorithm to optimize the recommenda-
tion results of the k-means algorithm is to improve the accuracy and
personalization of recommendation results by iteratively optimizing match-
ing degree between users and content, so as to achieve more efficient
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and accurate personalized recommendation of Web content. The specific
operation process is as follows.

First, the number and location of the rat population of the RSO algorithm
and cluster center search range of the k-means algorithm are initialized. Then,
the social intelligence of the rat population is utilized, data are classified into
the cluster with the shortest Euclidean distance, and an iterative calculation
is started. Next, all possible solutions are evaluated based on their fitness
values, and the solution corresponding to the best fitness value is selected to
adjust the position of the rat population, thus searching for prey and attacking.
Finally, when maximum iterative times are reached, output results are used
as an initial clustering center of the k-means algorithm.

The optimization process of the k-means algorithm using the RSO
algorithm is shown in Figure 3.

3.1.2 Introduction of the LightGBM algorithm
The LightGBM algorithm is a machine learning algorithm based on deci-
sion tree, which has the advantages of good training effect and difficult
fitting. Moreover, it is often used in click rate prediction and target interest
degree prediction. Therefore, this paper introduces the LightGBM algorithm
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Figure 3 Process of optimizing the k-means algorithm using the RSO algorithm.
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to improve the prediction process of the user-based collaborative filtering
recommendation method, thereby improving its recommendation accuracy.

The principle and process of the LightGBM algorithm are as follows:
First, initialize F0(x) learner based on a priori information, as in Equa-

tion (4):

F0(x) = lg
P (y = 1|x)

1− P (y = 1|x)
(4)

where P (y = 1|x) represents the proportion of sample y = 1 in training
samples.

Then, M regression trees are established, and the residual value of the
mth tree is calculated according to Equation (5):

rm,i = yi −
1

1 + e−F (xi)
(5)

where F (xi) and yi are fitting data and rm,i stands for leaf node region.
Finally, strong learner FM (x) is calculated according to Equation (6):

FM (x) = F0(x) +
M∑

m=1

Jm∑
j=1

cm,jI, x ∈ rm,j (6)

where j represents the jth tree; cm,jI is the residual value corresponding to
the jth tree; I is a random number.

3.2 Collaborative Filtering Recommendation Process Based on
k-means and LightGBM Improvement

Web content recommendation includes shopping platform recommendation,
personalized website recommendation, news hot spot recommendation and
other content. For convenience of experiment, this paper takes shopping
platform recommendation as an example. This study adopts the collaborative
filtering recommendation method improved by combining the k-means algo-
rithm and the LightGBM algorithm to conduct personalized recommendation
on shopping platforms in Web content. The specific recommendation process
is as follows:

(1) Collect and sort out behavioral data on websites such as users recom-
mended by shopping platforms and their historical shopping platform
click-through rates, and page views, then normalize and standardize
these data.
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Start  

Obtain user behavior data

Construct scoring matrix

Utilize K-means and RSO to cluster users

Calculate user similarity

Obtain neighbor user set

Use LightGBM model to predict user scores

Generate recommendation list 

 End 

Figure 4 Recommendation process of collaborative filtering improved by k-means and
LightGBM.

(2) Utilize the k-means algorithm improved by the RSO algorithm, cluster
users and their behavioral data separately, then construct the user and
content scoring matrices.

(3) According to the similarity calculation formula of the k-means algo-
rithm, calculate the similarity of users, then obtain the set of neighboring
users.

(4) Adopt the LightGBM algorithm to predict users’ level of interest in
recommended shopping platforms and generate personalized recom-
mendation lists for shopping platforms.

(5) Select the top five shopping platforms recommended as the final rec-
ommendation results and recommend them to users, that is, realize the
personalized recommendation of web content.

The above process can be represented by a diagram, as in Figure 4.

4 Simulation Experiment

4.1 Experimental Environment Construction

This paper constructs a recommendation method of collaborative filtering
improved by combining k-means and LightGBM based on python language
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Table 1 Examples of the experimental data
UserID CategoryID ItemID Behavior Datentime Timestamps Dates Hours

1 15632 5216 Pv 13:11 1532644512 2021/11/25 2
2 15647 5789 Pv 12:00 1563245973 2021/11/28 5
3 16539 5326 Pv 18:36 1536549852 2021/11/30 6
. . . . . . . . . . . . . . . . . . . . . . . .

and the pytorch framework, and runs it on an Ubuntu20.04 operating system.
For a system hardware environment, this paper selects NVIDIA GeForce
RTX 3080 GPU and Intel Core i7-11800H CPU as hardware devices, with
a memory size of 32 GB.

4.2 Data Source and Preprocessing

In this paper, the IRIS dataset is used to verify the performance of the RSO
algorithm against the k-means algorithm. The IRIS dataset contains 150 data
samples, which are divided into Iris Setosa, Iris Versicolour and Iris Virginica,
with 50 samples for each category. Moreover, it contains four attributes,
namely Sepal.Length, Sepal.Width, Petal.Length, and Petal.Width.

This study uses the Taobao User Behavior dataset provided by Alibaba’s
Tianchi data platform as the experimental dataset to verify the recommen-
dation effectiveness of the recommendation method of collaborative filtering
improved by combining k-means and LightGBM. This dataset contains a total
of 1 billion pieces of data from 25 November 2021 to 3 December 2021,
including user IDs, content IDs, content category IDs, behavior types, and
timestamps on the Taobao platform.

Due to the large amount of UserBehavior data and garbage data, missing
values, duplicate values and outliers in data are deleted before performing the
experiment. At the same time, to filter out valid data, the FILTER function is
called to screen data, thereby obtaining 20,000 pieces of data that can be used
for this experiment. Table 1 illustrates examples of the experimental data.

4.3 Evaluation Indicators

In this paper, the mean absolute error (MAE), root mean square error
(RMSE), precision, recall and F1 score were selected as evaluation indicators.
Their calculation formulas are:

MAE =

∑n
i=1 |yi − y′i|

n
(7)
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RMSE =

√√√√ 1

n

n∑
i=1

(y′i − yi)2 (8)

precision =
TP

FP + TP
(9)

recall =
TP

TP + FN
(10)

F1 =
precision × recall

precision + recall
× 2 (11)

where n represents sample size; yi indicates measured value; y′i stands for
predicted value; TP and FP represent the number of positive samples that
are correctly determined to be positive classes and the number of negative
samples that are incorrectly determined to be positive samples, respectively;
FN is the number of positive samples that are incorrectly determined to be
negative samples.

4.4 Parameter Settings

In this paper, the population size and iteration times of the RSO algorithm
were set to 50 and 300, respectively, and the number of clusters was set to 3.

4.5 Results and Analysis

1. Improvement verification of the k-means algorithm. Based on the IRIS
dataset, this study validated the effectiveness of improvements carried out
on the k-means algorithm. Table 2 shows the verification results of the
improvement effect.

As seen in Table 2, the clustering standard deviation of the k-means
algorithm is 1.58, the silhouette coefficient is 0.38, and its Calinski–Harabasz
index is 320.12. The clustering standard deviation of the k-means algorithm
improved by the RSO algorithm is 0.01, the silhouette coefficient is 0.71,
and its Calinski-Harabasz index is 562.23. Therefore, the k-means algorithm

Table 2 Improvement verification results of the k-means algorithm
Standard Silhouette Calinski–Harabasz

Algorithm Deviation Coefficient Index
k-means 1.58 0.38 320.12
RSO improved k-means 0.01 0.71 562.23
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Table 3 Comparison of recommendation effect evaluation indicators of the k-means algo-
rithm before and after improvement

Mean Root
Absolute Mean

Recommendation Error Square Precision/ Recall/ F1 Score/
Method (MAE)/% Error (RMSE)/% % % %
k-means improved
based on
RSO+collaborative
filtering

5.68 6.89 90.12 90.28 90.10

Based on
k-means+
collaborative
filtering

7.12 8.43 87.15 86.23 86.21

improved by the RSO algorithm has smaller clustering standard deviation,
larger silhouette coefficient and Calinski-Harabasz index on the IRIS dataset,
indicating it has stronger global optimization ability and better optimization
results.

To further verify the effectiveness of improvement conducted on the
k-means algorithm, k-means+collaborative filtering and RSO+k-means+
collaborative filtering were used for recommendation on the UserBehavior
experimental dataset. Table 3 depicts the recommendation results.

According to Table 3, based on RSO+k-means+collaborative filtering,
the average absolute error is 5.68%, which is 1.44% lower than that of k-
means+collaborative filtering. Moreover, the precision, recall, and F1 score
have been improved to varying degrees. Therefore, RSO+k-means+collab-
orative filtering has a more accurate recommendation effect than k-means+
collaborative filtering, which proves that using RSO algorithm to improve
k-means algorithm is effective. The reason for this is that RSO algorithm
improves the accuracy of initial clustering center of k-means algorithm,
which makes the clustering effect of the k-means algorithm on users and
content better, thus improving the precision of the collaborative filtering
recommendation method.

2. Validation of the recommendation method of collaborative filtering
improved by combining k-means and LightGBM. To verify the effec-
tiveness of the recommendation method of collaborative filtering improved
by combining k-means and LightGBM, RSO+k-means+collaborative filter-
ing, LightGBM+collaborative filtering, and RSO+k-means+LightGBM+
collaborative filtering were used for recommendation on the UserBehavior
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Table 4 Evaluation indicators of different recommendation methods
Mean Root

Absolute Mean
Recommendation Error Square Precision/ Recall/ F1 Score/
Method (MAE)/% Error (RMSE)/% % % %
Based on RSO+
k-means+
collaborative
filtering

5.68 6.89 90.12 90.28 90.10

Based on
LightGBM+
collaborative
filtering

6.23 7.14 90.35 90.32 90.12

RSO+k-means+
LightGBM+
collaborative
filtering

1.08 2.41 98.76 98.64 98.53

dataset. Table 4 shows evaluation indicators of the recommendation results
of different recommendation methods.

As seen in Table 4, on the experimental dataset, the RSO+k-means+
LightGBM+collaborative filtering recommendation method has the lowest
MAE and RMSE, which are 1.08% and 2.41%, respectively, and it has
the highest precision, recall and F1 score, which are 98.76%, 98.64% and
98.53%, respectively. The RSO+k-means+LightGBM+collaborative filter-
ing recommendation method has a more accurate recommendation effect.
This shows that the RSO+k-means+LightGBM+collaborative filtering rec-
ommendation method has excellent results in Web content personalized
recommendation.

To further verify the superiority of the collaborative filtering recom-
mendation method improved by combining k-means and LightGBM, the
proposed method, the recommendation method based on Tb-Bgat, Tinybert
and Bigru [23], and the recommendation method based on partial order
set [24] were compared on the UserBehavior data set. Table 5 illustrates the
comparison results.

Analyzing Table 5 reveals that compared with the existing recommenda-
tion methods, the proposed method has obvious recommendation advantages
over the UserBehavior experimental dataset, its MAE and RMSE are lower
than those of recommendation method based on Tb-Bgat, Tinybert and
Bigru and the recommendation method based on partial order set, while its
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Table 5 Evaluation indicators for recommendation results of different recommendation
methods

Mean Root

Absolute Mean

Recommendation Error Square Precision/ Recall/ F1 Score/

Method (MAE)/% Error (RMSE)/% % % %

Recommendation
method [23] based
on Tb-Bgat with
Tinybert and Bigru

6.12 5.89 87.65 88.34 89.26

Recommendation
method [24] based
on partial order set

6.45 6.43 89.23 89.20 89.12

RSO+k-means+
LightGBM+
collaborative
filtering

1.08 2.41 98.76 98.64 98.53

precision, recall and F1 score are higher than those of the recommendation
method based on Tb-Bgat, Tinybert and Bigru and the recommendation
method partial order set; it also exhibits better recommended performance.
Thus, the RSO+k-means+LightGBM+collaborative filtering recommenda-
tion method has advantages over Web content personalized recommendation.
The reason for this is that this method combines the advantages of the k-
means algorithm and the LightGBM algorithm, which can effectively mine
users’ preferences and potential interests in content attributes, and better meet
users’ individual needs, so it has a better recommendation effect.

4.6 Design of a Web Content Personalized Recommendation
System of Collaborative Filtering Improved by Combining
k-means and LightGBM

4.6.1 Overall framework
The purpose of a Web content personalized recommendation system is to
provide users with personalized web content that they are interested in
according to their historical and current behavior, so as to meet their pref-
erences [25, 26]. Therefore, the system should have functions such as data
analysis and content recommendation. Based on the above analysis, a B/S
architecture is adopted to design the overall framework of this system, as
shown in Figure 5.



282 Xiaoming Li

 

Business 
logic layer

User login 
registration

System management 
interface

Content search Recommendation 
interface

Authority 
management

Presentation 
layer

Query 
management

Recommenda
tion module 

Basic information 
management

System 
management

User 
data

Content 
data

Recommen
dation data

Interactive 
data 

Data access 
layer

Figure 5 Overall framework of the system.

The system consists of a data access layer, business logic layer, and
presentation layer [27, 28]. Among them, the data access layer is used to
collect user data, user current behavior and historical behavior content data,
analyze, process and store data, and generate recommendation data and
interactive data. The business logic layer is used for front-end and back-
end data interaction, including data query, information management, system
management, authority management, and recommendation modules. Further-
more, the presentation layer is responsible for displaying recommendation
results and achieving information interaction with users.

4.6.2 Design of system function modules
According to the functional requirements of a Web content personalized
recommendation system, it is necessary to meet the functions of user search,
content recommendation, information management, and system manage-
ment. Therefore, this study designs the function modules of this system as
shown in Figure 6.

The system function modules contain three modules: user management,
content recommendation and background management [29, 30]. Among
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Figure 6 Structure diagram of the system function modules.

them, the user management module includes five sub-modules, namely reg-
istration and login, view and search, content collection, content evaluation,
and personal information management. The content recommendation module
includes four sub-modules, namely shopping platform, personalized web-
site, hot news, and popular novel; the background management module
includes four sub-modules, namely content information management, user
information management, content and data analysis [31, 32].

4.6.3 System test
1. Construction of a test platform. In this study, the Java language and
SpringBoot framework were used to develop the backend of the system, and
MySQL was used as the database. In addition, Vue was used to realize the
functional interaction of the front-end pages, and processbuilder class was
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Table 6 Test cases and test results
Function Module Test Case Test Result
User management
module

1. Users enter an incorrect
account or password

2. Users enter the correct
account and password

3. Users enter home page of
the system and clicks to
view the content they are
interested in

1. Users fail to log in to the
system and the login
failure is displayed

2. When users enter the
system, the system
automatically switches to
the home page

3. Users can click to view
any content they are
interested in in the system,
and automatically jump to
the details page of content
they are interested inContent

recommendation
module

1. Users click to enter
content recommendation
module, check whether the
system can recommend the
content they are
interested in

1. Users can view the content
of content
recommendation module

Background
management
module

1. Background administrator
enters the system and
deletes, adds, and modifies
system users and content

2. Background administrators
analyze user behavior and
other data to mine user
content preferences

1. Background administrators
can delete, add, and
modify users and content

2. Background administrators
can perform operations
such as data analysis

used to call the recommendation method of collaborative filtering improved
by machine learning in Java environment, so as to construct a test platform
for a Web content personalized recommendation system based on machine
learning improved collaborative filtering [33, 34].

2. Testing process. After the users enter the system by entering the correct
account and password, they will check whether the system can display the
various modules properly, including the user management module, the con-
tent recommendation module and the backend management module. Then,
users enter the different modules and perform the corresponding operations.
When entering the user management module, users add, delete and modify
the user information, and then users check if the operation can be performed
correctly. After entering the content recommendation module, users check if
the system can recommend content of interest. When entering the backend
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management module, users check if user behavior data analysis and other
operations can be performed, so as to verify the effectiveness of the system.

3. Test cases and test results. Table 6 shows specific test cases and test
results.

Table 6 depicts that each function module of the system can perform
corresponding operations and view the personalized recommendation results
of Web content of interest. It shows that this system has a certain degree of
accuracy and personalization in Web content personalized recommendation,
which meets the needs of practical applications.

5 Conclusion

In conclusion, adopting the RSO algorithm to improve the k-means algorithm
improves the accuracy and efficiency of the k-means algorithm for user
and content clustering. Combining the improved k-means and LightGBM
to improve the collaborative filtering recommendation method can improve
the recommendation accuracy of the collaborative filtering recommendation
method. Furthermore, for the Web content personalized recommendation
system constructed, each function module runs normally, which has certain
accuracy and personalization, and meets the application needs of Web content
personalized recommendation. According to the experimental results, the
clustering standard deviation, silhouette coefficient and Calinski–Harabasz
index of the RSO algorithm improved k-means algorithm on IRIS dataset
are 0.01, 0.71 and 562.23, respectively, showing excellent global optimiza-
tion ability and optimization results. On the UserBehavior dataset, MAE
and RMSE of the collaborative filtering recommendation method improved
by combining k-means and LightGBM are 1.08% and 2.41%, respectively,
and its accuracy, recall, and F1 score are 98.76%, 98.64%, and 98.53%,
respectively, demonstrating excellent recommendation performance. The rea-
son for this is that this method combines the advantages of the k-means
algorithm and the LightGBM algorithm, which can effectively mine users’
preferences and potential interests in content attributes, and better meet
the personalized needs of users. Overall, system function modules are per-
fect, which can achieve the personalized recommendation of Web content.
However, due to the constraints of conditions, there are still some short-
comings in this paper that need to be improved. For example, in terms
of personalized recommendation research, deep learning-based personalized
recommendation has also achieved excellent recommendation results, such
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as deep residual networks and attention mechanism networks. These deep
learning methods improve the accuracy of recommendation results by ana-
lyzing complex data. Therefore, the next step of this research will consider
combining the advantages of deep learning to further optimize system ability
of analyzing and processing data, so as to make system recommendation
results more accurate.
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