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Abstract. 
This paper explores and studies recommendation technologies based on content filtering and user collaborative filtering and proposes a hybrid recommendation algorithm based on content and user collaborative filtering. This method not only makes use of the advantages of content filtering but also can carry out similarity matching filtering for all items, especially when the items are not evaluated by any user, which can be filtered out and recommended to users, thus avoiding the problem of early level. At the same time, this method also takes advantage of the advantages of collaborative filtering. When the number of users and evaluation levels are large, the user rating data matrix of collaborative filtering prediction will become relatively dense, which can reduce the sparsity of the matrix and make collaborative filtering more accurate. In this way, the system performance will be greatly improved through the integration of the two. On the basis of the improved collaborative filtering algorithm, a hybrid algorithm based on content and improved collaborative filtering was proposed. By combining user rating with item features, a user feature rating matrix was established to replace the traditional user-item rating matrix. K-means clustering was performed on the user set and recommendations were made. The improved algorithm can solve the problem of data sparsity of traditional collaborative filtering algorithm. At the same time, for new projects, it can also predict users who may be interested in new projects according to the matching of project characteristics and user characteristics scoring matrix and generate push list, which effectively solve the problem of new projects in “cold start.” The experimental results show that the improved algorithm in this paper plays a significant role in solving the speed bottleneck problems of data sparsity, cold start, and online recommendation and can ensure a better recommendation quality.

1. Introduction
The recommendation system excavates the resources that users may be interested in or need according to the interest characteristics of different users from the mass information and makes recommendations [1]. As a BI [2] platform based on massive data mining, it is considered to be one of the most effective tools to solve the information explosion. In essence, the recommendation system evaluates the likes of some products that the user has never touched by analyzing the resources selected by the user and feedbacks the products with the highest likes among the predicted results to the user.
Nowadays, most recommendation systems tend to sacrifice recommendation quality in order to meet users’ requirements for real-time recommendation. However, the long-term unsatisfactory recommendation quality will reduce users’ satisfaction with the website. In addition, some core algorithms of the recommendation system also have problems such as sparse data, narrow application scope [3], and cold start [4]. For a website with a large number of items, users will only have comments on a small part of them, and different users will choose different categories of items for evaluation, which leads to the sparsity of the user evaluation item matrix and seriously affects the quality of recommendation. In addition, the recommendation algorithm is mostly based on the user’s evaluation items to make predictions, so for newly registered users, because there is no historical information, the system could not know their interests and hobbies to make recommendations. For newly launched projects, because no users have made comments on them, they will not be pushed by the system. This is what we call the cold start problem.
In order to solve the above problems and better serve users, this paper studies the recommendation system based on the hybrid algorithm of content and collaborative filtering and its core algorithm, which solves the speed bottleneck and data sparsity problems to a certain extent, ensures the recommendation quality, and promotes the development and application of the recommendation system.
2. Related Work
At present, there are quite a few e-commerce systems using recommendation technology to improve the revenue of enterprises. According to the recommendation technology adopted, the e-commerce recommendation system can be divided into two types: rule-based recommendation system and information filtering recommendation system, and the information filtering recommendation system can be divided into content-based filtering recommendation system and collaborative filtering recommendation system.
The rule-based recommendation systems, such as IBM Web Sphere [5], allow system administrators to formulate rules according to users’ static characteristics and dynamic attributes. In essence, a rule is an if-then statement, which determines how to provide different recommendation services under different circumstances. The advantage of a rule-based system is that it is simple and direct, but the disadvantage is that the quality of rules is difficult to guarantee and cannot be updated dynamically. In addition, as the number of rules increases, the system will become more and more difficult to manage. Content-based filtering systems such as Personal WebWatcher [6], Syskill & Webert [7], Letizia [8], Citese [9], IFWEB, WebACE [10], Elfhis, and WebPersonalizer use similarity between resources and user interests to filter information. The advantages of the system based on content filtering are simple and effective, but the disadvantages are that it is difficult to distinguish the quality and style of the content of resources, and it could not find new resources that users are interested in, but can only find resources similar to users’ own interests. Collaborative filtering systems, such as WebWatcher [11] and Let us Browse [12], use the similarity between users to filter information. The advantage of the collaborative filtering system is that it can find new information of interest for users. Failures are two very difficult problems to solve. One is sparse, that is, when the system starts to use, due to system evaluation, resources have not yet received enough system, and it is difficult to use evaluation to find similar users. The other is scalability. As the number of users and resources of the system increases, the performance of the system will become lower and lower.
The specification of the corpus provided by TREC can be used [13]. They extract feature vectors from the topic description and cases in the document as the initial user demand model and interact with the training set for each topic to set the initial threshold. Then, you use the test set to determine whether the documents in the test set are greater than a certain topic of the Fujian value condition (if the condition is met). Then, feature vectors are extracted from the positive and negative example document sets to update the initial model, and a filtering system based on the vector model is established [14]. The research on Chinese text filtering technology uses vector space model, demand, and text matching technology based on user demand example keywords in the Chinese text filtering model they proposed and uses vector angle cosine as the similarity coefficient [15]. Based on the text representation of the text, starting from the information of the text logic level, the text structure analysis technology is introduced to improve the matching efficiency of documents and queries in the retrieval of text fragments [16]. In addition, they combined the content-based filtering method with the collaborative filtering method to build a hybrid model of text filtering, so as to make better use of user evaluation information. It proposes an information filtering model based on Bayesian network BMIF, describes the basic structure of information filtering, and provides 6 kinds of nodes to describe the relationship between information filtering events [17]. On this basis, it provides a variety of BMIF usages, uses the vocabulary knowledge represented by BMIF, combines automatic learning with manual interaction, and combines collaborative filtering with content filtering.
The recommendation algorithm, as the key of the recommendation system, is the target of researchers’ in-depth study. The excellent algorithm not only requires stable and accurate operationbut also must contact the application environment with a certain universality, so it can meet the needs of the user key to see the effective use of the algorithm, because the method recommended by the algorithm will be different, which requires researchers to study rational selection through the experiment and targeted trade-off for the field. After 20 years of development of the recommendation system, scholars have made use of knowledge in different fields to improve the recommendation algorithm from multiple perspectives and put forward different recommendation algorithms [18]. At present, the recognized recommendation algorithms include collaborative filtering recommendation, content-based recommendation, knowledge-based recommendation, and hybrid recommendation algorithm [19]. The collaborative filtering recommendation algorithm is the earliest recommendation algorithm [20]. The characteristic of this algorithm is to find similar users of target users and then recommend products or information for target users by using similar users. The recommendation advantage of the collaborative filtering algorithm is that, under the condition of relatively dense rating data, collaborative filtering can bring better recommendation effect for users than other algorithms. However, the resource required by this algorithm is the user-project rating data, so it does not need to know the user information or make clear the project information. Because the information of the user and the project is not easy to obtain, the algorithm has a low complexity table and a wide range of application fields [21]. However, the reliance on scoring also becomes a defect of the collaborative filtering algorithm. When the scoring matrix is sparse, the recommendation effect is greatly reduced. In view of the imperfection of the collaborative filtering recommendation algorithm, scholars began to improve collaborative filtering from multiple perspectives. The LDA topic model was introduced into the collaborative filtering algorithm [22], and the potential factor vectors of users and projects were obtained by using the LDA topic model. The sparse matrix was reduced by dimensivity reduction of the scoring matrix, and then, the similarity between users and projects was calculated in the low-dimensional space. Collaborative filtering is improved by defining the similarity of user attributes in social networks [23] and giving the calculation method of attribute similarity. Considering the length and dimension of the space vector comprehensively, the improved cosine similarity is used to find similar users [24]. Based on practical experience, the expert trust factor of users is introduced into the algorithm [25]. Considering the structural relationship between users, a modeling method for time-series behavior among users is proposed [26]. Some scholars seek similar users by effectively analyzing the trust relationship between users [27]. Some other scholars use relevant theories and methods to cluster items and predict unrated items in the same category to densify the scoring matrix in order to mitigate the adverse impact of scoring sparsity on the collaborative filtering algorithm [28].
Aiming at the problems of the current recommendation system and combining the advantages and disadvantages of content filtering and collaborative filtering, a content-based filtering is proposed. In the hybrid mode based on the combination of collaborative filtering recommendation technology, the recommendation filtering technology is fully utilized. The advantages of the two recommendation technologies make up for each other's shortcomings, improve the performance of the recommendation system, help companies improve the quality of customer service, enhance the cross-selling capabilities of the e-commerce system, improve corporate competitiveness, and provide customers with more accurate and personalized services. Using the collaborative filtering recommendation method recommended by the user data set and then based on the content reuse recommendation method, the recommended data set is filtered by establishing a model interested in the recommended data set. In order to realize that the content-based recommendation method is used to optimize the results of collaborative filtering recommendation, the purpose of this hybrid is recommended, but the purpose is very strong.
3. Hybrid Recommendation Algorithm and Recommendation Strategy Based on Content and Collaborative Filtering
3.1. Research on the Hybrid Recommendation Model Based on Content and Collaborative Filtering
The schema framework of the hybrid mode recommendation algorithm based on content and collaborative filtering is shown in Figure 1.


	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
	
	
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	

Figure 1: Schematic diagram of a hybrid recommendation model based on content and collaborative filtering.


The whole recommendation is divided into two modules, namely, content filtering recommendation module and collaborative filtering recommendation module, both of which are invisible to users. The preparation process of the dataset of the recommendation algorithm is as follows: first, the user’s interest is extracted from the shopping history data of the user and the topic vector and feature vector preprocessed by the network log, and the data processing is established based on the recommendation module of content filtering. Then, based on user interest characteristics, user rating data, and current access sequence data, a recommendation module based on collaborative filtering is constructed to extract the nearest neighbors of the user and the nearest neighbors of the current access sequence (item). Then, it integrates two recommendation weighted sum calculation modules for the similarity calculation model of mixed recommendation (i.e., recommendation processing) to generate the recommended top visit sequence. The web server recommends the sequence to the user and accesses the recommendation sequence on the user, the adaptive adjustment of the recommended model, and the idle speed value of the feedback information to obtain the best recommendation data.
In order to realize personalized recommendation service, we must first collect the user’s personal information and establish the user’s interest characteristic description model. The ratio of the time spent browsing a web page to the number of characters on the page can effectively reveal the user’s interest, which is related to the categories of information, and these categories are determinable and relatively stable. Users browse the Web information including each page clicks, stay time, access, and order, and each page URL can be found in the Log of the proxy server, and the user visited Web pages can be found in the Cache of the proxy server, so you can go through the Web mining way to get the user’s interest.
The optimal feature items are those words with the largest mutual information amount with the related text set Rel (Q). The logarithmic mutual information amount between the words and the related text set is calculated by the following formula:
The cosine similarity between user preference document and project document is
The higher the calculated similarity, the more preference the users have for this feature. The biggest problem facing TF-IDF is the choice of features. The content category of users is based on the similarity between user interests, that is, the similarity between user feature vectors. Here, the commonly used method of cosine of included angle is selected. The similarity of user interests is
Clustering is carried out according to the similarity between user feature vectors so that users with similar interests can be classified into one group for easy processing. Meanwhile, for new product information documents, a list of recommended users can be obtained by judging their categories. It is assumed that the classification of user sets is controlled manually, so the recommender system clustering method can be adopted.
After the initial recommendation model has been established and the threshold has been set, the similarity between the text about the product introduction in the product information database and the model vector of a user’s interest topic can be calculated. If the similarity value is greater than or equal to fujian, it is considered to be associated with the user’s interests. You can recommend to the user through the Web server and then determine whether the recommendation is valid. The user can adaptively modify the model vector or adjust the proximity value according to the judgment result so that the recommended performance can be realized. The system is continuously improved to better serve the user.
If the recommended access sequence is judged to be related to the user’s interest, it will browse its relevant information, and then, the recommended access sequence will become the current access sequence. When adjusting the model vector, the interest topic vector can be extracted from the current access sequence, and the feature vector can be extracted from the user’s shopping history data and the Web log (the Web log has changed accordingly). The new model vector is obtained by the weighted sum operation of the topic vector and feature vector. Let the weights be A′, B′, C′, and D′, respectively, then
Further, the more the items are rated by two users, the more similar their preferences would be if both users rated them higher or lower than the average rating of the two users. To put it simply, the more items both users like and dislike, the more similar the two users’ interests and preferences are to some extent. For example, Table 1 shows the rating of some users on items. The scoring rule is 5-point scale, and the higher the rating, the greater their preference for the item. Now, let us calculate the rating prediction of User3 on Item3.
Table 1: User rating data.
	

	 	Item 1	Item2	Item3	Item4	Item5
	

	Userl	3	4	4	6	 
	User2	2	5	2	4	2
	User3	1	3	1	3	2
	



We consider a user’s rating of an item greater than or equal to its average rating as a favorite and a user’s rating less than its average rating as a dislike. The reason why the average score is chosen is that some users’ score above 3 points means they like it, while some users’ score above 4 points means they like it. Therefore, compared with the average score, it can better reflect the user’s liking degree. Therefore, user interest similarity can be integrated into the traditional similarity calculation, and the improved similarity formula of user u and user  is defined as follows:
3.2. Improved Content and Collaborative Filtering Algorithm Recommendation System Based on K-Means Clustering
A collaborative filtering recommendation algorithm based on K-means clustering is proposed. The new algorithm has two components: offline and online. When offline, first of all, users are clustered according to their characteristic data to form several clustering clusters. When online, the clustering cluster to which the target user belongs to is determined according to the similarity between the target user and each clustering center, so as to find the nearest neighbor in the cluster. Then, based on the preference of the nearest neighbor group to the project, we can predict the interest preference of the target users and finally get the recommendation.
The specific idea is to apply K-means clustering to collaborative filtering. For the whole user space, the similarity between users and the clustering center is calculated according to users’ purchasing habits and scoring characteristics (that is, the user-item scoring matrix), and the clustering cluster is assigned to users according to the principle of nearest distance, thus the whole user space can be divided into several small groups. Based on the scoring characteristics of all users in each cluster, a virtual user is generated for each cluster. As the representative of all users in the cluster, the rating of the virtual user to the project can be the average of all users in the cluster to the project. At this point, the project ratings of all virtual users form a new search space (virtual user-project rating matrix), which replaces the original user-project rating matrix. When online recommendation is made, it only needs to calculate the similarity between target users and all virtual users, determine the cluster to which the target users belong according to the similarity level, search for neighbors in the cluster, and generate recommendation. The algorithm flow is shown in Figure 2.


	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
	
	
	
	
	
	
		
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
		
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	

Figure 2: Recommendation system optimization diagram of the hybrid algorithm.


For a large recommendation system, there will be a lot of user and project data. However, osnly a small fraction of the total project space has been evaluated by users, which is known as the data sparsity problem. By clustering, the data dimension can be greatly reduced. After neighborhood users are identified, the degree of preference of target users for unrated items can be predicted based on neighborhood users’ preferences. The prediction scoring formula for the project is as follows:
When the hybrid recommendation algorithm starts to run, this article first uses the judgment conditions to process the user score data on the item. The total score of the project is less than 20 users. It is recommended to use them directly based on the content filtering method, which is also considered to be collaborative. The filtering recommendation algorithm for low-scoring data is effective in the fact that there are few user recommendations. The content-based recommendation algorithm is directly used to recommend similar items for users through item feature matching. This will result in mediocre recommendations, but it will also avoid the risk of invalid recommendations due to collaborative filtering of similar users not being able to find them. Of course, the value of 20 here is not fixed. In practical application, it can be adjusted according to the situation.
In addition, in the process of establishing the hybrid algorithm model proposed in this paper, the calculation method is not rigid with the traditional algorithm, but improved or innovated on the basis of the traditional calculation method, which is mainly reflected in the following points:(1)A method to optimize the user similarity calculation formula by using project heat was proposed(2)In order to present users’ preferences more stereoscopic, the table-oriented feature extraction is carried out in the content-based recommendation algorithm, and the square-one method for calculating users’ similarity using the interest model is presented(3)According to the characteristics of the algorithm in this paper, a method to derive the weight coefficients of different features by using variance is proposed
The purpose of the content-based recommendation algorithm is to effectively filter out the third category of users whose interests are different from those of the target users, and the work required in this process generally includes three steps. The first step is to extract project features. The second step is to establish the user interest model.
3.2.1. Extract Project Features
For nonliterary items, it is a difficulty to propose item features, but it is also the key to the effectiveness of the algorithm. Tags have the characteristics of complete classification and concise description. Therefore, the choice of labels as the feature description of the project can mark the characteristics of the project well from the point of view of user preferences and can also properly reflect the user’s interest demands. In order to better describe the project, this paper first extracts a number of general attributes of the project, then, on this basis, refines the different attributes, and gets the different project characteristics of each attribute; the same kind of project features are included in the same project attribute.
After extracting the features of the project, the next step is to construct the user’s interest model, which can also be said to be the interest vector that represents the user’s interest and is composed of the project attributes and the project features contained in the attributes.
3.2.2. Establish User Interest Model
The user’s interest model is composed of the project attributes and the features contained in the attributes, so for the user, what kind of project can be used to establish their interest model is a question. At this point, the user-project scoring matrix comes in handy. To build a user interest model, it is necessary to count the items that users like and extract their signature features.
3.2.3. Calculate the Similarity between Users
After extracting item features and establishing the interest model for users by using item features and scoring matrix, the next step is to consider how to use the user interest model to calculate the similarity between users. The calculation of similarity can often be transformed into distance visually. Euclidean distance can be used to calculate the distance between points in the multidimensional space.
Replace all the features of the items that users like in the user’s interest model with the corresponding number of movies containing this feature. That is, a new representation of the user interest model is obtained by summarizing the user-item attribute preference vector directly. The reason for this is that you do not need to consider what features the user prefers in the following steps, just what the user likes and dislikes about the project. The new form is shown in Table 2.
Table 2: Numerical representation of the user interest model.
	

	Number of attributes/features/users	Attribute 1	Attribute 2	….	Attribute m
	

	User 1	23 13 9 6	21 13 14 8	…	6 2 3 4
	User 2	17 11 12 8	12 13 9 8	…	6 4 2 4
	…	…	…	…	…
	User n	14 9 7 2	8 5 5 3	…	6 7 5 4
	



4. Test Experiment
In this paper, we use the MovieLens dataset and the scientific literature experimental dataset to test the performance of the mixed mode recommendation algorithm, the user-based collaborative filtering recommendation algorithm, and the content filtering recommendation algorithm, respectively.
We selected 12,500 scoring data from the user rating database as the experimental dataset, which contained 248 users and 1120 movies in total, among which each user rated at least 20 movies, with the score value being an integer from 1 to 5. The higher the value, the higher the user’s preference for the movie. Each record in the dataset describes information such as user ID, item ID, user rating value of the item, and timestamp. Different user ID numbers represent different users, and different item ID numbers represent different movies.
In order to measure the sparsity of the entire dataset, we introduce the concept of the sparsity level, which is defined as the percentage of unrated items in the user rating data matrix.
Experiment 1. Using the MovieLens dataset, check the performance comparison of the two algorithms under different training set test set proportions, that is, considering different data sparsity degrees. The number of nearest neighbor users is set to 30. The experimental results are shown in Table 3 and Figure 3.
From the experimental results, the average absolute deviation of the MAE value of the mixed mode recommendation algorithm is smaller than that of the collaborative filtering recommendation algorithm based on user values. In the line chart of the MAE line of the mixed mode recommendation algorithm based on the user collaborative filtering algorithm, it is below the MAE line. As the training set data increases, the gap between the two continues to shrink. This means that the recommendation effect of the mixed mode recommendation algorithm is better than that of the recommendation algorithm based on user collaborative filtering, but this advantage decreases with the increase of the training set.
Table 3: Experimental results of different data sparsity degrees.
	

	Proportion of training set (x)	Mean absolute deviation MAE
	Recommendation algorithm based on user collaborative filtering	Mixed mode recommendation algorithm
	

	0.2	0.8345	0.7868
	0.3	0.7981	0.7653
	0.4	0.7753	0.7575
	0.5	0.7591	0.7382
	0.6	0.7493	0.7297
	0.7	0.7383	0.7242
	0.8	0.7304	0.7204
	0.9	0.7252	0.7144
	





	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
		
			
		
		
		
		
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
		
			
		
		
	
	
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	

Figure 3: Experimental results of different data sparsity degrees.


Experiment 2. Using the MovieLens dataset, check the performance comparison of the two algorithms under the condition that the proportion of the training set test set is constant, i.e., the sparsity degree, and the size of the nearest neighbor set is different, and consider the influence of the size of the nearest neighbor set on the algorithm performance.
When the partition coefficient x = 0.8 was selected (it can be seen from Experiment 1 that the prediction effect was better when x = 0.8), the experimental results are shown in Table 4 and Figure 4.
It can be found from the experimental results that the average absolute deviation MAE value of the mixed mode recommendation algorithm is smaller than the MAE value of the recommendation algorithm based on user collaborative filtering, and the MAE broken line of the mixed mode recommendation algorithm is also below the MAE broken line of the recommendation algorithm based on user collaborative filtering, which also indicates that, under the condition of the same data sparse degree, the recommendation effect of the hybrid mode recommendation algorithm is better than that of the user collaborative filtering recommendation algorithm. With the increase of the number of the nearest neighbor sets, the recommendation effect will decrease, indicating that the more accurate prediction value can be obtained within a small range of the nearest neighbor values.
In the optimization process of the nearest neighbor selection, the filter parameters of similarity are set to eliminate the users or items that are not very similar, and then, the best value of the filter parameters is determined by combining the improvement of the score prediction part. Figure 5 shows the effect of similarity filter parameters on recommendation quality.
As can be seen from Figure 5, if the filter value of similarity is too small, that is, the filter parameter of similarity is too small and does not filter the nearest neighbor, it does not significantly improve the recommendation performance. With the increase of similarity filtering, the MAE value gradually increases, indicating that the similarity filtering parameter has gradually started to play a role in filtering out users who are not very similar. When the parameter is set to 5, the MAE value reaches the maximum and then begins to decline, that is, the recommendation performance is getting higher and higher. The collaborative filtering recommendation algorithm based on content recommendation quality is slightly higher than that of the collaborative filtering recommendation method. If the content filter-based recommendation method is not used in the case of “false neighbors,” it is also effective to find similar users by optimizing the Pearson correlation coefficient; therefore, introducing heat project to optimize the Pearson correlation coefficient method is effective.
The following four experiments were used to compare the performance of the three algorithms under different sparsity degrees, and the training set and test set were randomly selected from the dataset according to a certain proportion. Here, the number of nearest neighbors is chosen as 4 to test the performance of MAE values of the three algorithms under different sparsity.
Figure 6 shows the comparison of the recommendation quality of the three algorithms under four experiments. Green represents user-based CF, blue represents item-based CF, and red represents the hybrid algorithm proposed in this paper. As can be seen from the figure, under the same other conditions, MAE values of the three algorithms are continuously decreasing with the decrease of dataset sparsity in the four experiments, that is, recommendation quality is continuously increasing. If we carefully look at the figure above, we can find that, in Experiments 1 and2, the optimization degree of the hybrid algorithm proposed in this paper is higher than that in Experiments 3 and 4. That is to say, the more sparse the dataset is, the more obvious the advantage of using the hybrid algorithm is.
It serves as a reference in the collaborative filtering algorithm and fixes the relationship between M and N. Assuming that compared with the number of neighbors [FI N and the change of parameter M], for M = 2N/3, the collaborative filtering recommendation algorithm and the proposed hybrid recommendation method have a change in recommendation effect. In addition to comparing the effects of hybrid algorithms and collaborative filtering algorithms, the purpose of this step is also recommended. It also includes finding the optimal value of the number of users N as a fixed value, so as to obtain the relationship between M and N through further experiments. The experimental results are shown in Figure 7.
As can be seen from Figure 7, the recommendation accuracy of the hybrid algorithm proposed in this paper is better than that of the collaborative filtering algorithm. Moreover, with the increasing number of neighbors, the recommendation quality of the two recommendation algorithms both shows a trend of first increase and then decrease. When N = 4, MAE of the collaborative filtering recommendation algorithm is the minimum, and the quality of the recommendation algorithm is the best. When the relationship between M and N is fixed and M = 2N/3, the recommended quality is the best. The reasonable selection of the number of similar users has great influence on the recommendation quality of the recommendation algorithm.
As can be seen from Figure 8, among the three mixed recommendation algorithms, the recommendation algorithm proposed in this paper has the lowest MAE value, that is, the validity of the recommendation algorithm is the best. Moreover, with the increasing number of neighbors N, the advantage becomes more and more obvious. In addition, after the MAE of the three algorithms reaches the lowest, the IV1AE bar graph of the hybrid algorithm proposed in this paper rises more gently, indicating that compared with the other two recommendation methods, the hybrid recommendation algorithm proposed in this paper is insensitive to the change of the number of neighbors, and the recommendation is more stable.
Table 4: Experimental results of different sizes of nearest neighbor sets.
	

	Proportion of training set (x)	Mean absolute deviation MAE
	Recommendation algorithm based on user collaborative filtering	Mixed mode recommendation algorithm
	

	10	0.7265	0.7163
	20	0.7233	0.7117
	30	0.7212	0.7103
	40	0.7235	0.7115
	50	0.7274	0.7152
	60	0.7322	0.7227
	90	0.7451	0.7284
	160	0.7263	0.7164
	





	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
		
		
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	

Figure 4: Experimental results of different sizes of nearest neighbor sets.
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(b)
Figure 5: Influence of similarity filtering on user recommendation quality.
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(d)
Figure 6: Performance of algorithms with different sparsity degrees. (a) Experiment 1. (b) Experiment 2. (c) Experiment 3. (d) Experiment 4.




	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
			
			
		
		
		
		
			
			
			
			
			
			
			
		
		
		
	
	
		
			
		
		
			
			
			
		
		
			
			
			
		
		
			
			
			
		
		
			
			
			
		
		
			
		
		
			
			
			
		
		
			
			
			
		
	
	
		
			
			
			
			
			
			
		
		
			
			
			
			
			
			
		
		
			
			
			
			
			
			
		
		
			
			
			
			
			
			
		
		
			
			
			
			
			
			
		
		
			
			
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
	

Figure 7: The trend of recommended quality when the number of neighbors changes.
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(b)
Figure 8: Comparison of recommendation validity of mixed recommendation methods.


5. Conclusion
Combining the advantages and disadvantages of content filtering and collaborative filtering, we proposed a hybrid recommendation technology based on content filtering and collaborative filtering and studied the workflow, user characteristic description, data processing algorithm, and recommendation strategy of the hybrid recommendation technology in detail. This method not only makes use of the advantages of content filtering but also can carry out similarity matching filtering for all items, especially when the items are not evaluated by any user and can be filtered out and recommended to users, avoiding the problem of early level. At the same time, this method also takes advantage of the advantages of collaborative filtering. When the number of users and evaluation levels are large, the user rating data matrix of collaborative filtering prediction will become more dense, which can reduce the sparsity of the matrix and make collaborative filtering more accurate. The performance of the mixed mode recommendation technology based on content and collaborative filtering is verified. We designed experiments using the MovieLens dataset and the scientific literature experiment dataset to test the system performance of the mixed mode recommendation technology, user-based collaborative filtering recommendation technology, and content-based filtering recommendation technology, respectively. The experimental data show that the performance of the hybrid mode recommendation technology based on content filtering and collaborative filtering is better than that of the two technologies.
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