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Abstract: The explosion of internet news data has led to frequent information
overload, which in turn has caused the dual problems of low recommendation
quality and poor user experience. The research combines machine learning with
image matching algorithms to provide users with interesting news content.
Firstly, the news recommendation algorithm based on multi-task learning
(MTL) constructs the input sequence through the user’s click history, maps the
inputs of different tasks to the shared space and extracts text features. The
image matching algorithm is adopted to record users’ historical preferences and
capture the changing trends of interests. Experimental data show that the
accuracy rate of the content-based recommendation (CB) algorithm reaches
78.27%. The collaborative filtering (CF) recommendation algorithm reached
87.97%. The recommendation accuracy of the joint recommendation algorithm
all exceeds 90%. Moreover, the accuracy of the joint recommendation
algorithm significantly exceeds that of the two traditional recommendation
methods, CB and CF.
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1 Introduction

News information is an essential way for people to access social dynamics and
information. How to use recommendation algorithms to accurately extract the required
information from massive news data and provide support for public opinion guidance has
become a current hot topic. Existing recommendation algorithms are often affected by
data sparsity and lack in-depth research on user behaviour. The current multi-task
learning (MTL) algorithms based on machine learning have become one of the most
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widely utilised recommendation algorithms due to their excellent performance, and the
introduction of image matching algorithms further improves the accuracy of
recommendations.

An increasing number of people read news online. However, the sheer volume of
news and information posted online through different channels every day makes it hard
for readers to find what they are interested in. Karimi et al. (2018) put forward a news
recommendation system with the aim of providing reading suggestions with personalised
approach, and specifically discussed the current academic practice of assessing and
making comparisons between different algorithmic news recommendation methods on
the basis of accuracy metrics. Social networks and mainstream news brands are
influencing the continuous development of content personalisation. Thurman et al.
explored the audience’s views on news selection mechanisms and their reasons. He
analysed survey data from 26 countries and explored the relationship between personal
characteristics and this belief using a multi-level model (Thurman et al., 2019b).
Malicious users are posting more and more erroneous information and false content, not
only causing chaos in the online social media ecosystem, but also bringing indescribable
pain to humanity. Therefore, there is an urgent need to discover and remove this false
content from social media. Collins et al. explored various methods to combat fake news
on social media. The results indicated that the detection for fake news is a problem that is
challenging and complicated (Collins et al., 2021). Haim et al. performed two exploration
researches to test the impact of implicit and explicit personalisation on the diversity of
content and sources of Google News. Evidence suggested that concerns about algorithms
in the online news context might be overstated (Haim et al., 2018). Carlson (2018) argued
that recommendation algorithmic judgment ought to be distinguished from the
professional judgment of journalists. It has become increasingly hard to find the
information that people are interested in from the huge amount of news data, and there is
also the phenomenon of low utilisation of information, resulting in the waste of
information resources.

At present, recommendation algorithms are one of the important methods to address
the issue of information overload. Due to the successful application and practice of
machine learning in various fields, the study of combining recommendation algorithms
with machine learning has also received widespread attention from scholars. Automatic
recommendation has become an increasingly important issue. Shu et al. proposed a CB
algorithm using a convolutional neural network and introduced a split-iteration method to
solve the model. The experimental results on a public database indicated that this method
has made significant improvements in quantitative evaluation compared to traditional
methods, greatly improving training efficiency (Shu et al., 2018). Li et al. aimed to
combine sequential recommendation with fair perception recommendation and proposed
a deep end-to-end model based on MTL. This method outperformed the most single
model in terms of recommendation performance (Li et al., 2022). Collaborative filtering
(CF) recommendation is promising technique, but the technique suffers from cold start
and sparse data. To overcome the shortcomings of CF recommendations on
preference-ordered datasets, Najafabadi et al. utilised a new graph-based structure to
model users’ priorities and capture the associations between users and items. The
experimental findings showed that compared with CF and other recommendation
methods, the graph structure based method has significant improvements in recall and
accuracy indicators (Najafabadi et al., 2019). Massive news data contains a lot of public
opinion information. By combining machine learning recommendation algorithms, the
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connection between users and news data has been analysed, and users’ behavioural
tendencies have been judged to help users obtain relevant news information and provide
effective information support for news recommendations.

The current news recommendation algorithms, such as those based on coordinated
filtering, make news matching and similar content in various fields less ideal compared to
the news content results that users need, and require precision and completeness in
recommending the resources that users truly need (Zhang et al., 2018; Shen et al., 2020).
Therefore, currently, how to provide users with rationalised and personalised resources is
the main research goal of recommendation algorithms. In the article, research and
analysis were conducted on these challenges, and recommendation methods based on
machine learning and image matching algorithms were analysed, which effectively
improved the recommendation effect. Image matching algorithms can model using the
information represented by local feature point attributes, and can also measure the
weights on the edges connecting feature points. For news content browsed by users,
images or videos were extracted and their feature representations were matched to the
similarity of news images or videos in the database. Based on the results of image
matching, the correlation between each news item and the user’s browsing content was
analysed. In addition, local and global features can also be distinguished, and the
structural features of the image can be clearly expressed, which is also an effective
method for calculating similarity between images and news.

2 News recommendation algorithm

News recommendation is a means of analysing and matching information, based on data
from user project interaction behaviour, to recommend users and improve webpage views
and conversion rates (Zhang et al., 2019b; Wallace, 2018). News recommendations have
been widely used on various news and information platforms such as NetEase News and
Today’s Headlines. However, due to the presence of a large amount of textual
information in news, research on news recommendations has become inseparable from
natural language processing techniques (Thurman et al., 019a; Javed et al., 2021). In the
real world, it is often not possible to collect complete user behaviour data, so it is
necessary to design specialised recommendation algorithms for the news field. The news
recommendation schematic is depicted in Figure 1.

As illustrated in Figure 1: users browse the website to obtain candidate news;
candidate news forms a news recommendation list; users click on the recommendation
list to form a homepage display; the user’s interest information is updated from it to form
user information, and the recommendation algorithm then forms a news recommendation
list.

When users access the news platform, the news recommendation algorithm recalls a
portion of candidate news from a large-scale news pool. Then, the user’s interests are
modelled; the similarity between the user’s interests and candidate news is calculated; the
recommendation list is reordered. Finally, the top ranked news is recommended to the
user (Van den Bulck and Moe, 2018; Helberger et al., 2018). The platform records users’
interactive behaviour on this news, and updates and maintains user profiles to facilitate
the provision of future services (Zhang and Yang, 2021).

In the field of recommendation, people often use CB and CF recommendation
algorithms to filter related items, articles, and information. They only use the interaction
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between users and products to determine user preferences, product types, and other
information for recommendation (Zhang et al., 2019a; Benkessirat et al., 2021). It has
strong interpretability, simple model calculation, and low complexity. When a project is
multimedia data and its content features are difficult to extract, using content based
recommendation algorithms to recommend news is often not very effective (Afsar et al.,
2022; Gelfert, 2018). Moreover, excessive reliance on the content characteristics of the
project during the recommendation process may result in not recommending new projects
to users, thus losing the diversity of recommendations.

Figure 1 Schematic diagram of news recommendation (see online version for colours)
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2.1 Dataset introduction

The data in this article is sourced from Caixin.com. A total of 25,477 pieces of news data
(including both browsed and unbrowsed news) were collected to conduct a preliminary
analysis of the data content of Caixin.com. The data specifically includes news headlines,
main text content, release time, comment texts, user ids, and news click-through rates.
The data time span is from January 2024 to June 2025, with a total of 25,477 valid news
entries and 840,458 user comment records collected. Invalid symbols and stop words are
removed through the preprocessing step, and the keyword vectors are extracted by using
the TF-IDF algorithm to construct the user interest profile. The research simulates users’
browsing behaviours by designing scripts, regularly captures news items on the
homepage and channel pages of the website, and ensures coverage of different topics and
types of news. To ensure the legality of data sources, the research strictly adheres to the
website’s robots protocol and only collects publicly available information. All data is
used for academic research purposes. During the data capture process, the script
automatically records basic information such as the title, main text content, and release
time of the news, and synchronously acquires the user’s comment data on the news
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through the embedded comment text collection module. At the same time, to accurately
track user behaviour, capture the user ID and the corresponding news click-through rate.
The distribution of news types is shown in Table 1.

Table 1 Distribution of news types

News type Number Percentage
Politics 3263 12.81%
Economy 4211 16.53%
Society 5612 22.03%
Science and technology 3143 12.34%
Entertainment 4010 15.74%
Medical treatment 2610 10.24%
Education 2628 10.31%
Total 25477 100%

As shown in Table 1, the dataset consists of 25477 news data, with a proportion of
12.81% for political news, 16.53% for economic news, and 22.03% for social news. The
proportion of social news is the highest. The browsed and not browsed situations are
shown in Table 2.

Table 2 Browsed and not browsed situations

Number of Percentage of Number of Percentage of

News type Number news browsed  news browsed news not news not
browsed browsed
Politics 3263 603 18.48% 2660 81.52%
Economy 4211 797 18.93% 3414 81.07%
Society 5612 1693 30.17% 3919 69.83%
Science and 3143 640 20.36% 2503 79.64%
technology
Entertainment 4010 896 22.34% 3114 77.66%
Medical 2610 674 25.82% 1936 74.18%
treatment
Education 2628 551 20.97% 2077 79.03%

As shown in Table 2, the highest percentage of views is social news, which is 30.17%,
and the news with the most views is only 1693. The percentage of views is much lower
than the percentage of not views, and the percentage of not views is above 60%,
indicating that most of the news has not been viewed.

By analysing the above data statistically, the data can be found to be somewhat
sparse. Sparsity is a mathematical index used to measure the sparsity of the data, which
can directly reflect the sparsity of the data. The sparsity is calculated for the user
behaviour data. In order to simplify the calculation, the simplified formula for sparsity Sr
in the text is shown in (1):

Score

Sp=1- (1)

e
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In equation (1), Score represents the number of ratings (that is, the quantity of views),
and N, represents the total quantity of news, Sr represents sparsity. Based on the above
data, sparsity can be calculated in (2):

603+797+1693+640+896+ 674+ 551

S, =1- = 77.02% 2
F 25477 ’ @

According to the analysis above, it is found that the news reading data has a high sparsity,
where users view only a few news items and plenty of news are not utilised. For users,
news that has not been browsed does not mean that they are not interested in the news. If
recommendation algorithms are used, users can more effectively obtain more useful
information.

2.2 Data filtering

This article is limited by the original database design during collection and can only
uncover users’ browsing behaviour towards news. News with a browsed percentage of
over 20% in the dataset is selected. The filtered data is shown in Table 3.

Table 3 Filtered data

Number of Percentage of Number of Percentage of

News type Number news browsed  news browsed news not news not
browsed browsed

Society 5612 1693 30.17% 3919 69.83%

Science and 3143 640 20.36% 2503 79.64%

technology

Entertainment 4010 896 22.34% 3114 77.66%

Medical 2610 674 25.82% 1936 74.18%

treatment

Education 2628 551 20.97% 2077 79.03%

As shown in Table 3, finally, news with a browsed percentage of 20% or less are
removed from the dataset, and the filtered dataset contains a total of 18,003 news articles
(number of non-browsed and browsed).

2.3 MTL based news recommendation algorithm

Existing news recommendation algorithms, such as CF, usually focus only on the user’s
click probability of the candidate news, and the prediction method of the click rate is only
good at utilising the surface features, which results in problems such as ‘headline party’
and affects the recommendation effect and user experience (Mohammadpour et al., 2019;
Makhortykh and Bastian, 2022). To address the above issues, a more efficient
recommendation algorithm for news push platforms is needed.

The news encoder in MTL based news recommendation consists of a category
encoding layer and other layers, and the final news features can be obtained through the
news encoder (Egelhofer and Lecheler, 2019; Chen et al., 2019). The category coding
layer is depicted in Figure 2.
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Figure 2 Schematic diagram of category encoding layer (see online version for colours)
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As shown in Figure 2, the first part of the news encoder is the category encoding layer,
which includes the input layer, category embedding layer, fully connected layer, and
output layer.

Figure 3 Title encoder schematic (see online version for colours)
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The category encoding layer is utilised to learn the news representation in categories.
Currently, many online news platforms’ recommendation methods mainly recommend
users based on the category of the news. The numerical values corresponding to
categories are represented as binary vectors, and the calculation formula for low
dimensional dense representations of different categories is as (3):

€. = Jon. —Hot(x) 3)

In equation (3), ¢ represents the category of the previous layer, e is its low-dimensional
representation, and r. is the final output category, the calculation formula for r. is (4):

r.=ReLU (W, xe, +b,) “

In equation (4), W. and b. are weight parameters and bias parameters. The
recommendation algorithm based on MTL can infer a user’s interest in a certain type of
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information from their browsing records. If a user often reads news related to soccer
matches, an inference can be made that this user is more interested in sports, soccer, and
other types of news. Based on the MTL recommendation algorithm, news classified as
sports or football can be recommended to the user (Mizgajski and Morzy, 2019).

The news encoder also includes a title encoder for learning news representations from
news titles. Nowadays, for any news pushed on news portal websites, the first thing
people pay attention to is the title information. The title encoder is depicted in Figure 3.

As Figure 3, the input layer inputs news titles. In addition to the input and output
layers, the title encoder can be divided into a three-layer structure: title embedding layer,
Transformer layer, Attention layer. The title embedding layer contains multiple semantic
vectors. The Transformer layer represents the encoding information of each word in the
positional embedding; the Attention layer contains the extracted semantic vector, and
finally outputs the news title of interest.

The word sequence of a news title is represented as [W,', W, ,...,W,,], and the length

of the title is M. The pre trained model of Glove is utilised to convert the word sequence
of the title into a word vector sequence with a dimension equal to Q. The calculation
process is as (5):

0 = Glove(W) (&)

In equation (5), the s;, function is used to calculate the positional encoding information of
each word in a sentence. Pg is used to represent positional information, and positional
embedding Pr(p,s, 2i) is (6):

. pOS
Py (Pyy»20) = 5, — 25— (6)
1000 o

In equation (6), the position of a word in a sentence is p,s, and the dimension of the word
vector is ordinal number i. Among them, the dimension embedded in the position is set to
dmoder. The position embedding obtained and the word embedding vector obtained using
Glove(W) are added to obtain the true embedding vector X, of the sentence, as shown
in (7):

X,,, = Glove(W)+ Positional-Encoding (W) 7

The research defines the recommendation task as multiple related tasks, aiming to
recommend appropriate news to users based on their historical behaviours and interests.
And classify users’ interests. In addition, it also includes news category prediction tasks
and user behaviour pattern recognition tasks. The news category prediction task is used to
accurately determine the specific category to which news belongs. And user behaviour
pattern recognition tasks, which gain a deep understanding of user habits by analysing
user browsing, clicking and other behaviour patterns. The research adopts a multi-task
joint loss function, comprehensively considering the loss situations of each task, and
fuses the losses of different tasks into an overall loss through weighted summation. For
the news recommendation task, its loss is calculated based on the difference between the
recommendation result and the actual click situation of users, while the loss of the user
interest classification task is measured by the classification accuracy. The weights of
news recommendation, user interest classification, news category prediction, and user
behaviour pattern recognition were set at 0.4, 0.2, 0.2, and 0.2 respectively in the study to
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balance the impact of each task on model training. Some underlying feature
representations are shared among different tasks, and features such as the user’s basic
information and browsing history can be reused in multiple tasks. Reduce the number of
model parameters and improve computational efficiency through a sharing mechanism.

3 News recommendation based on image matching algorithm

Compared with traditional methods in computer vision, image matching algorithms have
certain differences, with their unique characteristics and performance advantages
(Liu and Bu, 2019; Jin et al., 2021). In the process of image processing, feature
description is usually used to solve the problem, and the index structure is combined to
calculate point matching, or a global feature model is used for image recognition and
classification (Faroek et al., 2022; Zhao et al., 2018).

The detection of extreme points in scale space is carried out throughout the entire
scale space and position, as accurate and stable feature points do not change with changes
in scale, as shown in (8).

L(x,y,0)=G(x,y,0)®1(x,) ®)

In equation (8), ® indicates convolution operations in both directions x and y, as shown
in (9).

G(x,y,0)= ! 3 ©
2o

In equation (9), o is the scale space factor, which determines the degree of Gaussian blur.
On a small scale, the details of the image are displayed, while on a large scale, the
overview of the image is displayed. Therefore, small-scale represents high resolution,
while large-scale represents low resolution.

In news recommendation, multiple different news genres can appear for users’
historical clicks on news, and fake news can be filtered. The similarity between not
browsed candidate news and these different news topics varies (Sharma et al., 2019;
Molina et al., 2021). On this basis, each candidate news is assigned a different weighting
matrix.

To prepare for the final news recommendation, the preference value of the news also
needs to be calculated and the calculated score is utilised to determine the final
recommended news (Waszak et al., 2018; Wang et al., 2021). After obtaining the feature
vector e(7) for the current user, it is necessary to perform a click sum operation with the
candidate news word vector e(#), as shown in (10).

P, =G(e(i),e(tj)) (10)

In equation (10), Pi, indicates the similarity score between the user and the candidate

news. Due to the score being processed by the activation function, the similarity score is
considered as the likelihood that users are interested in candidate news.

By processing news collection data, a set of news keywords in each news can be
found. Data on the mapping of users to news keywords can be obtained by merging the
mapping between users and their previously viewed news comments. The similarity of
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interests between users can be determined by using a dataset of news keywords, which is
evaluated by users throughout their entire existence in the corpus. By assuming users a
and b, E(a) and E(b) denote the set of news keywords evaluated by users ¢ and b,
respectively. The interest similarity of users a and b is calculated by (11):

_|E(@)nE®)|

@ |E(a)VE®)| (1

After obtaining the above interest similarity calculation, similarity calculation can be
performed on all users to complete the division of similar user groups.

In real life, plenty of users do not have data on reading and commenting on the same
news, so the computational effort can be reduced by constructing a backwards table of
news keywords to users. The mapping relationship between news comments and user
keyword inversion table is shown in Figure 4.

Figure 4 Mapping relationship between news comments and user keyword inversion table
(see online version for colours)
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As shown in Figure 4: the user keyword inverted table on the right (formed by selecting 3
keyword comments) is first gained from the mapping relationship data between users on
the left and the history of browsed news comments, and then the user keyword inverted
table is traversed to build a user similarity metric matrix.

When recommending news to users, the user group with similar interests is
calculated. Afterwards, the news collection browsed by all users in this user group is
treated as a recommended news list, and the recommended news list is traversed.
Equation (12) is utilised to calculate the target user’s liking level for each news item in
the list of recommended news:

H@@f)= Y Ly (12)

beS(a,k)NE(f)

Among them, L., represents the similarity of interests between users a and b. After the
above calculation, each recommended news data has a rating based on the user’s liking
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level. According to this rating, the news list is sorted in descending order and used as the
final recommended news data to users. This model takes the user’s historical browsing
behaviour and the characteristics of news content as input, and encodes the text and
image information respectively through the multimodal feature extraction module. The
attention mechanism is utilised to integrate the user interest vector with the news feature
vector, and a matching score prediction function is constructed. The model adopts a
contrastive learning strategy to optimise parameters, ensuring the accuracy of
recommendations while enhancing diversity. By introducing the joint representation of
image semantic features and text themes, the model can more accurately capture users’
preferences for the visual style and content tendency of news. Calculate the similarity of
interests among users to match their interests, and then screen out potential similar user
groups. Based on the interaction behaviour of this group towards news, the system builds
a candidate recommendation set and ranks the candidate news in combination with the
multimodal matching score. Ultimately, the recommendation results are dynamically
adjusted by integrating users’ short-term interests and long-term preferences to enhance
the accuracy of personalised services and the user experience. The loss function of the
model adopts a weighted combination of cross-entropy loss and contrastive loss.

4 Effects of different recommendation algorithms

4.1 Time to obtain news of interest

The experimental dataset has been provided earlier. This article compared and analysed
the CB algorithm, CF recommendation algorithm, and joint recommendation algorithm
(a combination of MTL recommendation algorithm and image matching algorithm). Due
to time constraints, 30 social, technological, entertainment, medical, and educational
news items were selected here, and the average time (s) of obtaining 30 different types of
news items through CB algorithm, CF recommendation algorithm, and joint
recommendation algorithm were calculated, as illustrated in Figure 5 (the horisontal axis
of Figure 5 represents social, technological, entertainment, medical, and educational news
items, while the vertical axis represents different algorithms).

As shown in Figure 5, the average time for obtaining social news through CB
algorithm, CF recommendation algorithm, and joint recommendation algorithm was 7.24
seconds, 6.71 seconds, and 3.01 seconds, respectively; the average time to obtain
educational news through CB algorithm, CF recommendation algorithm, and joint
recommendation algorithm was 6.01 seconds, 4.14 seconds, and 1.11 seconds,
respectively. It can be learned that the average time for the joint recommendation
algorithm to get all kinds of news was less than 4s; that for the CB algorithm to get all
kinds of news was more than 6s, and that for the CF recommendation algorithm to get all
kinds of news is more than 4s.

4.2 Utilisation rate

As the fast growth of the internet has led to a growing user base, all kinds of news media,
public numbers, and free creators have emerged, triggering an exponential growth of data
and information, and traditional news recommendation algorithms are facing many
challenges.
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Figure 5 Average time for news acquisition by different recommendation algorithms (see online
version for colours)
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The utilisation rates of CB algorithm, CF recommendation algorithm, and joint
recommendation algorithm for social, technological, entertainment, medical, and
educational news are shown in Figure 6 (the horizontal axis of Figure 6 shows social,
technological, entertainment, medical, and educational news, and the vertical axis shows
utilisation rates).

Figure 6 Ultilisation rate of different algorithms for different types of news (see online version for
colours)
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As shown in Figure 6: part 1 of Figure 6 showed the utilisation rate of CB algorithm,
which was within 70% for social, technological, entertainment, medical and educational
news; part 2 of Figure 6 showed the utilisation rate of CF algorithm, which was within
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80% for most of the social, technological, entertainment, medical and educational news;
part 3 of Figure 6 showed the utilisation rate of the joint recommendation algorithm,
which was more than 80% for the social, technological, entertainment, medical and
educational news.

4.3 Recommendation accuracy

CB algorithm, CF recommendation algorithm, and joint recommendation algorithm were
recommended for social, technological, medical, and educational news, and their
recommendation accuracy was calculated. The study set the division ratio of the training
set, validation set and test set at 6:2:2, and conducted model evaluation under the premise
of ensuring balanced data distribution. During the experiment, the study utilised two
recommendation algorithms to conduct recommendation tests on news related to society,
science and technology, healthcare, and education. In the testing process, both were run
10 times on the same test set and the average was taken to reduce random errors. The CB
algorithm recommends different news to users as shown in Table 4.

Table 4 Recommendation accuracy of CB algorithm
News type Number  Interested users Not Ztee:fsted Liecizzge:aﬂjgt;%
Society 5612 3949 1663 70.37
Science and technology 3143 2452 691 78.01
Entertainment 4010 3108 902 77.51
Medical treatment 2610 1900 710 72.80
Education 2628 2057 571 78.27

As shown in Table 4, the recommendation accuracy of CB algorithm was below 80%,
with the highest recommendation accuracy for educational news being 78.27%.
Recommendation accuracy of CF recommendation algorithms is depicted in Table 5.

Table 5 Recommendation accuracy of CF recommendation algorithm
News type Number  Interested users Not Z?s:fﬂed Liecizzge:aﬂjgt;%
Society 5612 4123 1489 73.47
Science and technology 3143 2765 378 87.97
Entertainment 4010 3269 741 81.52
Medical treatment 2610 2171 439 83.18
Education 2628 2289 339 87.10

As described in Table 5, the recommendation accuracy of the CF recommendation
algorithm was mostly above 80%, with one recommendation below 80% for social news
and the highest recommendation for technology news, at 8§7.97%. The recommendation
accuracy of the joint recommendation algorithm is described in Table 6.

As shown in Table 6, the recommendation accuracy rate of the joint recommendation
algorithm in various types of news exceeds 90%, which is significantly better than that of
the CB and CF single algorithms. Among them, the recommendation accuracy rate of
social news reached 93.30%, which was the highest among the five types of news.
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Comprehensive comparison shows that the joint recommendation algorithm effectively
improves the accuracy of recommendations while maintaining a high coverage rate.

Table 6 Recommendation accuracy of joint recommendation algorithms
News type Number  Interested users Not Z;t::sested zieci{irzzze:aigtz%
Society 5612 5238 374 93.30
Science and technology 3143 2917 226 92.81
Entertainment 4010 3644 366 90.87
Medical treatment 2610 2368 242 90.73
Education 2628 2394 234 91.10

At present, the analysis of recommendation algorithms mainly focuses on user interest
models. However, in the real world, there is a massive amount of sparse browsing data in
news recommendations. Using CB algorithm and CF recommendation algorithm can
easily overlook the useful information contained in it, thereby reducing the accuracy of
recommendations. The less browsing data, the lower the accuracy of recommendations.
The accuracy of recommendations depends on the user’s rating. Improving news
recommendation algorithms using machine learning methods can significantly enhance
the performance of recommendation algorithms (Minaee et al., 2021).

To further verify the stability and effectiveness of the proposed joint recommendation
algorithm, the study compares it with the CF and matrix factorisation methods. The
comparison indicators include AUC and NDCG. All three recommendation algorithms
run on the same dataset, and the parameter settings remain consistent. The results are
shown in Table 7.

Table 7 performance comparison of different recommendation algorithms
Method AUC NDGG@10 NDGG@50 NDGG@100
Joint recommendation 0.93 0.76 0.81 0.84
algorithm
Collaborative filtering 0.87 0.68 0.72 0.74
Matrix factorisation 0.89 0.70 0.75 0.78

As shown in Table 7, the joint recommendation algorithm outperforms the CF and matrix
factorisation methods in AUC and various NDCG indicators, especially in NDCG@100,
reaching 0.84, indicating that it has a stronger ranking ability in long-tail news
recommendation.

4.4  User satisfaction

The satisfaction of users with recommended content is not only related to accuracy, but
also depends on the level of assistance in making decisions for users and their interests.
The more recommended content aligns with user interests, the higher user satisfaction.
The 1,473 users were selected to rate the accuracy, speed, diversity, reliability, and
personalisation of news recommendations using joint recommendation algorithms. The
user’s rating of news recommended by the joint recommendation algorithm is illustrated
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in Figure 7 (the horizontal coordinate denotes the score and the vertical coordinate
denotes the number of people).

Figure 7 Users’ ratings of news recommended by the joint recommendation algorithm
(see online version for colours)
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As shown in Figure 7, it can be seen that the accuracy, speed, diversity, reliability, and
personalisation of news recommended by the joint recommendation algorithm were the
highest among those with scores above 80, all exceeding 500, followed by those with
scores between 70 and 80, ranking second, and those with scores below 26 were the
lowest.

Taking into account all the interests of users, the degree of user preference was
analysed. By calculating the similarity of projects, the novelty and diversity of
recommendation results were measured, ensuring accuracy while improving user
satisfaction.

4.5 Page views

With the emergence of various news clients, reading news anytime and anywhere has
become a daily behaviour of people. At the same time, the cost and time of news
production have been greatly reduced, and any media and individual can produce news
information data at any moment. In the information age, various types of data and
information are growing at a geometric exponential rate, which has caused serious
information overload problems for network users.

The number of views on a certain webpage on June 1, 2022 (where webpage S is not
related to the data above) that did not use the joint recommendation algorithm and the
number of views on webpage S that used the joint recommendation algorithm on June 5,
2022 were counted. The findings are illustrated in Figure 8 (the horizontal coordinate
denotes the time period and the vertical coordinate denotes the number of views).

As Figure 8: Figure 8(a) showed the browsing volume of webpage S during various
time periods without using the joint recommendation algorithm, and it can be seen that
the highest browsing volume was below 6000; Figure 8(b) showed the browsing volume
of webpage S during various time periods when using the joint recommendation
algorithm, and it can be seen that the highest browsing volume was above 6000.
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Figure 8 Browsing volume without and using joint recommendation algorithms, (a) browsing
volume without using joint recommendation algorithm (b) browsing volume using joint
recommendation algorithm (see online version for colours)
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In the field of news recommendation, joint recommendation algorithms can discover the
news that users love to browse, try to recommend the news that users are most likely to
click to browse, in order to increase user click through rate, user stay time, and user
retention rate, thus obtaining higher advertising profits.

5 Discussion

The average time for CB algorithm and CF recommendation algorithm to obtain news is
longer. Users need to spend much time and energy to find the news they need, and news
is a passive service. Although traditional CB algorithms and CF recommendation
algorithms can help people obtain the information they want, they cannot meet all the
requirements of users. Therefore, it is hard for users to describe the information they are
searching for with a precise and appropriate keyword, and in many cases, relying solely
on keywords for retrieval cannot meet their requirements.

The news utilisation rate recommended by the joint recommendation algorithm is
higher. Among them, the joint recommendation algorithm utilises text and image
matching to make recommendations simultaneously, which has been used in many news
websites and clients. After adopting the joint recommendation algorithm, there is a trend
of increasing user activity and actual usage time for various websites. Users feel that the
recommended news content is very suitable for their personalised needs, thereby
improving the quality of recommended news.

MTL can fully explore the domain information contained in each task sample,
effectively improve the model’s generalisation ability, and share expressions among
multiple tasks, thereby effectively improving the performance of each task in the model.
In addition, MTL can also be considered as the induction and transfer of knowledge,
which refers to the application of existing knowledge to other related problems to
improve learning effectiveness. At the same time, MTL can also achieve information
sharing among multiple tasks and solve the sparsity problem of data in some tasks.

The users have high satisfaction with the joint recommendation algorithm. The
primary goal of recommendation services is to provide personalised information to users.
Unlike search engine technology, it applies the principle of information push to meet
users’ needs for personal information, that is, to provide recommendations based on
users’ specific requirements, or to actively provide the necessary information resources to
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users based on the analysis of their personality and usage habits. As internet technology
evolves, more and more users are looking to utilise federated recommendation algorithms
so that they can be provided with better recommendations.

6 Conclusions

The news data on the internet has shown an explosive development trend. On the one
hand, these huge amounts of data provide people with more convenience, but on the other
hand, people have to spend much energy and time searching for useful information for
themselves. In a massive data environment, traditional recommendation algorithms can
no longer realise the needs of users well. News data has a wide range of sources, complex
structures, and an increasing number. In the massive amount of news data, traditional
recommendation algorithms usually consume a lot of labour, material and time, which
leads to information overload. Nowadays, news recommendation has been widely applied
on the internet. Recommendation algorithms based on machine learning and image
matching algorithms can utilise the mining of multimodal information of users, analyse
their behaviour, and perform image matching on different users, so as to accurately
analyse users’ interests, providing them with information that interests them and meeting
their personalised needs.
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