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Abstract 

likely items of interest to users among all items (products, content, etc.) and recommend 
them to them. Like online retail websites, they will spend a lot of effort building 
recommendation systems to achieve more accurate recommendations and increase item 
sales. From a data source perspective, it is generally obtained through user feedback, 
such as ratings after watching movies, search content, purchase history, etc., or obtaining 
some likes and dislikes information about users and products from other sources. From 
the user's perspective, users can feel understood by the system and know what they want, 
leading to more behaviors in the system. These behaviors can be fed back to the 
recommendation system to optimize their understanding of the user, forming positive 
feedback and increasing user stickiness. 
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1. Introduction 

A classic recommendation algorithm that generally only relies on the content and behavioral 
attributes of the user and the item itself, without involving the behavior of other users[1-4]. It 
can still make recommendations in cold start situations (i.e. new users or items). 

For all customer-oriented product sales and service system backgrounds, there is an increasing 
amount of data in enterprises. How to quickly transform business data into understanding of 
the market and operational conditions, thereby assisting enterprise decision-making, 
continuously optimizing decision-making management processes, and enhancing 
responsiveness to market changes has become an urgent problem that sales departments need 
to solve, A content guided product service recommendation system is an important tool for 
improving sales performance and is always worth continuous research and improvement[5]. 

2. Previous technical references and current major issues 

Content based recommendation systems often erroneously recommend incorrect or biased 
guidance information to users or objects in need of information, while also having shortcomings 
in efficiency and the scope and speed of information content collection[6]. Feature extraction is 
difficult in the recommendation calculation process, making it difficult to discover other 
potential interests of users and lacking diversity. 

The purpose of a recommendation system is to search for the most likely items of interest to 
users among all items (products, content, etc.) and recommend them to them. Like online retail 
websites, they will spend a lot of effort building recommendation systems to achieve more 
accurate recommendations and increase item sales[7]. From a data source perspective, it is 
generally obtained through user feedback, such as ratings after watching movies, search 
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content, purchase history, etc., or information about users and products' likes and dislikes 
obtained from other sources 

3. Recommendations for countermeasures 

Improve the practicality of guessing in different ways by combining big data and other 
materials with limited information to provide customers or information seekers with the 
fastest and most accurate internal recommendations, and more accurately locate the demand 
segmentation in similar content, achieving more accurate and fast implementation of 
recommendation functions. 

3.1. Basic content-based recommendation algorithms 

Content based recommendation algorithms are prone to the phenomenon of "homogenization", 
where recommendation results are too similar and lack diversity[8]. 

3.2. Nearest Neighbor Classification Algorithm 

The nearest neighbor based classification algorithm is easy to fall into the "overfitting" state, 
that is, it performs well on the training set, but poorly on the test set. This is because content-
based recommendation algorithms only consider the characteristics of the item, without 
considering user behavior[9]. 

3.3. Algorithm Based on Correlation Feedback 

Rocchio algorithm is a well-known algorithm in the field of information retrieval, mainly used 
to solve relevance feedback (RF) problems[10]. When using the Rocchio algorithm to construct 
a user profile vector, it is usually assumed that the vector has the highest correlation with the 
features of the item that the user likes and the lowest correlation with the features of the item 
that the user does not like. Once the algorithm is given an error at a key selection point, it will 
lead to a completely opposite result of the customer's wishes appearing foolish and comical[11]. 

3.4. Decision Tree Based Recommendation 

Content based recommendation algorithms need to extract and update the features of items, so 
it is necessary to continuously maintain and update the attribute information of items. For some 
large-scale recommendation systems, the cost may be higher 

3.5. Naive Bayesian classification 

3.6. Content Recommendation Algorithm Based on Linear Classification 

Generally, gradient descent or least squares methods can be used to find the optimal 
parameters of a linear model. For candidate movies, determine whether the features of the 
movie meet the conditions, and then sort and recommend based on the classification results. 
The disadvantage is that in reality, the actual data belongs to the logical inertia of true data 
rather than arrays[12]. 

3.7. Recommended Text Representation Based on Unstructured Content and 
Recommended Non Text Representation of Unstructured Content, such as 
Images and Videos[13]. 

These data are difficult to represent using table structures in the database. Compared with 
structured data, unstructured data is irregular and fuzzy, which makes it difficult for computers 
to understand[14]. Although unstructured data has the disadvantages of complex structure, 
non-standard and high processing threshold, the high data stock and rich connotation 
information determine that unstructured data is a treasure to be explored by the recommended 
system[15]. All kinds of unstructured data have their own unique representation methods, but 
the processing ideas are interlinked[16]. 
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3.8. The Best Creative Method Familiarity Coefficient Method 

The data acquisition process in this method includes two aspects: firstly, the user actively sends 
information recommendation requests, and secondly, the recommendation system actively 
recommends information to the user[17]. In the process of users actively sending information 
recommendations, users send HTTP requests to obtain corresponding responses to match the 
information they need to obtain and send it to the recommendation system. The 
recommendation system obtains the corresponding matching content through queries and 
pushes it to the user[18]. In this mode, the data acquisition process is called active data request. 
In this process, the analysis of the data acquisition The process of processing and filtering is the 
same as the data analysis, processing, and filtering process carried out by the recommendation 
system when actively recommending information to users, which will be explained in detail in 
the following text. In the process of data acquisition, multiple methods can be used. In this 
article, web crawler technology is adopted, which downloads behavioral attribute data that 
users have browsed in search engines such as web pages[19]. The behavior here is not specific 
to the user's actions, but rather the user's browsing behavior left behind when browsing web 
pages, apps, social circles, or Weibo. The system framework of web crawlers includes three 
parts: control module, analysis module, and database. The control module is responsible for 
assigning work to various crawler threads of multiple threads. It is believed that the analyzer 
downloads web pages and processes them, such as processing JS script tags, CSS code content, 
space characters, HTML tags, etc., and then stores the downloaded web resources through the 
database. The data acquisition device in this article includes the system of the web crawler to 
obtain user behavior attribute data for one or more clients. After obtaining behavioral attribute 
data, it is necessary to analyze and process it. As mentioned earlier, user behavioral attribute 
data includes user basic information set, user interest information set, and user feedback 
information set[20]. 

In this article, based on this reason, the user behavior attribute data is divided. When users 
browse the internet and obtain relevant network information[21], there are several possible 
situations: (1) there is no purpose, only a randomness to obtain data. In the process of randomly 
obtaining data, they often suddenly obtain content of interest, which may also have a certain 
purpose. However, the purpose is relatively vague, which is called approximate search, In this 
case, we call it the user basic information set, which has randomness and the extraction of 
keywords is difficult and scattered; (2) Information acquisition with strong purpose is 
relatively easy to extract keywords or calculate similarity, and the concentration of information 
that users pay attention to is relatively high, which is referred to as the user interest 
information set in this article. (3) In existing recommendation systems, recommendation 
systems have information push, but do not process the feedback content. That is to say, 
although it is recommended, is it appropriate, Whether it is useful or not does not result in 
interaction with users. In this article, a set of user feedback information has been set up. The 
above is the three types of information sets mentioned in this article. When receiving one or 
more of these information sets, corresponding labels need to be set accordingly to process these 
information in a targeted manner. The data analysis device receives the behavioral attribute 
data, analyzes the attribute data, adds corresponding content labels, and sends the behavioral 
attribute data corresponding to the content label to the knowledge base content storage device. 
The process is as follows: (1) After receiving the behavioral attribute data, it determines which 
type the behavioral attribute data belongs to, If it is a user basic information set or a user 
interest information set, proceed to step (12). If it is a user feedback information set, add a 
feedback content label to the user feedback information set and proceed to step (14); (12) After 
obtaining the user basic information set or user interest information set, extract the user 
attribute information from the user basic information set or user interest information set; (13) 
The data acquisition device analyzes the user attribute information and retrieves personal 



International Journal of Science Volume 10 Issue 9, 2023 

ISSN: 1813-4890  
 

57 

credit evaluation data from the knowledge base content repository to determine whether the 
personal credit data of one or more users obtained is within a reasonable range. If it is within a 
reasonable range, the personal credit warning content label is not added, otherwise the 
personal credit data label of the user is added to the user behavior attribute data; (14) Send 
behavioral attribute data consisting of one or more user basic information sets, user interest 
information sets, or user feedback information sets with corresponding content labels to the 
knowledge base storage device[22]. The knowledge base content storage device includes 
multiple knowledge base content storage databases identified by three corresponding content 
labels, including a user basic content storage database corresponding to the user basic 
information set content label, a user interest content storage database corresponding to the 
user interest information set content label, and a user feedback information content storage 
database corresponding to the user feedback information set content label[23]. The user basic 
content storage database corresponding to the content label of the user basic information set 
is used to store the user's initial content. The user basic information is a randomly generated 
basic information set when the user browses a webpage, app client, or friend circle. By 
randomly selecting keywords, the corresponding content is obtained from the knowledge pool, 
and recommended to the customer through the server recommendation device. 

4. Conclusion 

The present invention proposes a knowledge base recommendation system based on content 
tags, which recommends recommended content to users[24]. The recommendation system 
includes a server; And a client device that establishes a communication link with the server 
through a network; The server includes a data acquisition device to obtain behavioral attribute 
data of one or more users, wherein the behavioral attribute data includes a user basic 
information set, a user interest information set, and a user feedback information set[25]; A data 
analysis device that receives the behavioral attribute data, analyzes the attribute data, adds 
corresponding content labels, and sends the behavioral attribute data corresponding to the 
content labels to the knowledge base content storage device; A knowledge base content storage 
device, including multiple knowledge base content storage databases and knowledge pools, 
wherein the knowledge base content storage device receives the behavioral attribute data and 
extracts or stores corresponding behavioral attribute data in the knowledge pool based on the 
content label; The server recommendation device pushes the content that needs to be pushed 
to the user. The recommendation system of the present invention improves the effectiveness 
and accuracy of system data push. 
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