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ABSTRACT 
Background: With the popularization of the Internet and the development of information 

technology, the network information data has shown an explosive growth, and the problem of 
information overload [1] has been highlighted. In order to help users, find the information they 
are interested in from a large amount of information, and help information producers to let their 
own information be concerned by the majority of users, the recommendation system came into 
being.   

Objectives: However, the sparseness problem, the neglect of semantic information, and the 
failure to consider the coverage rate faced by the traditional recommendation system limit the 
effect of the recommendation system to some extent. So in this paper I want to deal with these 
problems. 

Methods: This paper improves the performance of the recommendation system by 
constructing a knowledge graph in the domain and using knowledge embedding technology 
(openKE), combined with the collaborative filtering algorithm based on the long tail theory. 
And I use 3 experiments to verify this proposed approach’s performance of recommendation 
and the ability to dig the long tail information, I compared it with some other collaborative 
filtering algorithms.  

Results: The results show that the proposed approach improves the precision, recall and 
coverage and has a better ability to mine the long tail information. 

Conclusion: The proposed method improves the recommended performance by reducing 
the sparsity of the matrix and mining the semantic information between the items. At the same 
time, the long tail theory is considered, so that users can be recommended to more items that 
may be of interest. 

Keywords: collaborative filtering algorithm, knowledge graph, long tail information 
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1 INTRODUCTION 

1.1 Background 
 

With the advent of the era of big data, information data has grown exponentially, and it is also 
filled with a large amount of spam, which is the cause of information overload. In order to solve the 
above problems, many experts and scholars have proposed excellent solutions, the most representative 
of is recommendation systems. The recommendation system mainly utilizes the user's behavior 
information of the item, excavates the personalized requirement of the user, and actively provides the 
user with information satisfying the demand through the user's interest model. The recommendation 
system has become an important research field for providing users with personalized services because 
of its ability to tap the interests of users, and has been widely used. In the recommendation system, the 
collaborative filtering algorithm is one of the most important recommendation algorithms. 
Collaborative filtering algorithms have the most extensive and in-depth research because of their low 
dependence on expert knowledge and the use of group intelligence. However, the number of users and 
items in the commercial recommendation system is often very large, and the number of items that the 
user can access is very limited, which directly leads to the user's behavior information on the items is 
often very sparse. The knowledge graph contains the attributes of the item and various types of 
relationships, which can provide rich item semantic information and improve performance for the 
recommendation algorithm based on collaborative filtering. The recommendation system based on 
knowledge map has become a research hotspot. 

 

1.2 Research problem 
 

Although the application of collaborative filtering in e-commerce recommendation system has 
achieved great success, with the increase of site structure, content complexity and number of users, the 
development of recommendation system based on collaborative filtering faces two major challenges. 

 

1.2.1 Matrix sparsity and neglect of semantic information 
 

The implementation of collaborative filtering technology first needs to use user-item evaluation 
matrix to represent user information. Although this is theoretically very simple, in fact, many e-
commerce recommendation systems need to process a large amount of data information. In these 
systems, the total amount of goods purchased by users in general accounts for about 1% of the total 
product volume of the website [2], thus causing the evaluation matrix (user-item matrix) to be very 
sparse. In the case where the amount of data is large and sparse, on the one hand, it is difficult to find 
the nearest neighbor user set, and on the other hand, the cost of similarity calculation is also large. 
Cold Start is another manifestation of data sparsity. The cold start issue refers to the issue of 
recommending new users and items to the recommended system. Especially on some large 
personalized recommendation websites, new users and items are added every day. When personalized 
recommendations based on collaborative filtering are performed on these users and items, the users 
and items cannot be recommended because of the lack of necessary behavior data. 

 

1.2.2 Coverage problem (Long tail [3]) 
 

Long tail theory is proposed by Chris Anderson, editor-in-chief of the American magazine Wired, 
after analyzing and researching the sales data of Internet retailers such as Google, Amazon, Netflix, 
etc. The theory is that as long as the storage and distribution channels of the items are large enough, 
the commercial scale of the 80% fragmented goods market distributed in the tail can exceed the 
commercial scale of the top 20% of the hot-selling goods. Traditional retailers are unlikely to present 
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all their products to users because of storage constraints. Considering the cost factor, they can only sell 
to 20% of the most popular. The emergence of the Internet has overcome the difficulties of traditional 
retailers. In the case that the information dissemination cost is zero, the storage space is large enough, 
and the marginal cost of the commodity tends to zero, although the sales of the tail products are not as 
amazing as the best-selling products, the cumulative sales of these commodities are enough to attract 
attention. 
 

1.3 Aim and objectives 
 

In order to verify whether the algorithm has improved the ability to mine long tail information 
after introducing a factor based on the number of item comments, this experiment was designed. The 
experiment uses coverage as a measure of the ability to mine long tail information, and compares the 
coverage of KGLT-CF, KG-CF and item-based CF algorithms under different neighbors. 

 
In order to solve the sparsity problem of the traditional item-based collaborative filtering 

algorithm, it is necessary to combine the vectorized representation method of the items in the 
knowledge graph with the collaborative filtering algorithm. 

(1) The first thing to do is to determine which fusion degree is the best performance of this 
algorithm. 

(2) After determining the optimal degree of fusion, we need to compare the algorithm with the 
traditional item-based collaborative filtering algorithm at different neighbor numbers. 

1.4 Research questions 
 

RQ1. What is the performance of the collaborative filtering algorithm based on knowledge graph 
and long tail theory? 

RQ1.1 Which fusion degree performs best, when the similarity of the item based on the 
knowledge graph is merged with the similarity of the item based on the user behavior? 

RQ1.2 Is the performance of the collaborative filtering algorithm based on knowledge 
graph and long tail theory better than the traditional item-based collaborative filtering algorithm? 

RO2. Is the coverage of the collaborative filter algorithm based on long tail and knowledge graph 
better than the item-based collaborative filtering algorithm and the collaborative filter based on 
knowledge? 

 
This paper contains a total of seven chapters. The following is a brief introduction to the contents 

of each chapter: 
(1) Abstract, briefly introduce the background of this paper, study the significance. And it also briefly 

describes the work of the paper and the main contributions made. Finally, the experimental results are 
presented. 

(2) Introduction, this chapter first describes the research problems and determines the aims, objectives and 
research questions based on them. It then introduces the basics knowledge and tools and techniques 
involved in the thesis project. 

(3) Background and related work, this chapter mainly introduces the research background of the paper and 
related work done by other researchers.  

(4) Method, the methods used in the project are described in detail in this chapter.  
(5) Results, this chapter present some experimental results used to verify the performance of the proposed 

method in the paper. 
(6) Analysis and discussion, in this chapter, I analyze the results in the previous chapter and discuss some 

of the research questions presented in the previous chapter. 
(7) Conclusion and future work, this chapter summarizes the research content of this paper, and then looks 

forward to the development prospects of the recommended technology field based on knowledge graph, 
and then gives the next research direction of this paper. 
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1.5 Basic knowledge 
 

1.5.1 Knowledge graph 
 

According to the Wikipedia, the Knowledge Graph is a knowledge base used by Google and its 
services to enhance its search engine's results with information gathered from a variety of sources.”[4] 
Knowledge graph have now been used to refer to various knowledge bases. Literature [5] proposes 
that the knowledge graph consists of a series of interconnected entities and their attributes. Essentially, 
a knowledge graph is a semantic network that describes the relationship between entities and entities. 

 

1.5.2 Collaboration filtering algorithm  

1.5.2.1 Similarity calculation 

1.5.2.1.1 Jaccard index 
 

The Jaccard similarity is the proportion of the number of intersection elements of the two sets in 
the union. Since the set is very suitable for Boolean vector representation, the Jaccard similarity is 
simply customized for the Boolean vector. 

1.5.2.1.2 Cosine similarity  
 

Cosine similarity measures the similarity of samples by calculating the cosine of the angles of the 
corresponding vectors of two samples on a multidimensional space. If the angle of the vector is smaller, the 
similarity of the corresponding samples is higher; the larger the angle of the vector, the lower the similarity 
of the corresponding samples. When the cosine value is 1, that is, the angle of the vector is 0 degrees, the 
similarity of the sample reaches the maximum value, indicating that the two vectors are identical; when the 
cosine value is 0, the angle of the vector is 90 degrees. When the sample similarity reaches a minimum of 0, 
it means that the two vectors are completely different. 

1.5.2.2 Item-based collaborative filtering  
 

The item-based collaborative filtering algorithm belongs to a neighborhood-based algorithm, 
which calculates the similarity between items based on the behavior records of all users, and then 
recommends similar items to the user according to the user's historical behavior. The algorithm is 
based on the assumption that if a user likes both item A and item B, then the two items have a certain 
degree of similarity. The item-based collaborative filtering algorithm is generally composed of two 
parts, first calculating the similarity between the items, and then generating a recommendation list for 
the user according to the similarity of the items and the historical preference of the user. 
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like similar                               recommendation 
 
 

For example, the collection of items that User A likes is {Item A, Item B, Item C}, the collection 
of items that User B likes is {Item A, Item B}, and the collection of items that User C likes is {Item 
A}. The intersection of the user collections that like item A and item B is {user A, user B}, the 
intersection of user collections that like item A and item C is {user A}, and the intersection of user 
collections that like item B and item C is {user A }. From the behavioral preferences of these users, it 
is concluded that the users who like item A and item B are the most, and the users who like item A 
like item B, then item A and item B can be considered similar. Therefore, according to the idea of the 
item-based collaborative filtering algorithm, since user C likes item A, we conclude that user C may 
also like item B, so item B is recommended to user C. 

1.6 Tools and technology 
 

1.6.1 Protégé 
 

At present, there are hundreds of ontologies editing tools on the market, among which Protégé has 
been highly praised by many users for its excellent design, numerous plug-ins and open source 
features, and has become one of the most popular ontology development tools [6] Protégé is primarily 
used to build ontology libraries for the Semantic Web. Protégé provides users with many entity and 
relationship models and provides a convenient set of operations for users to visually build and modify 
ontology. Protégé shields the ontology description language used by the underlying layer. Users only 
need to design and implement the ontology library on the concept layer. They don't care about the 
specific ontology description language details and focus on the development of ontology content. 

 

1.6.2 Neo4j 
 

In the knowledge graph, knowledge is a large number of complex, low-structured, high-connected 
data. When this knowledge is frequently queried and updated, the relational database can generate a 
large number of tables joins, causing performance problems. And because of the unique data access 
method of the graph database, it can be thousands of times higher than the performance of the 
relational database in this use scenario. Graph databases have an advantage in dealing with such 
knowledge data compared to relational databases. Neo4j [7] is a NoSQL database based on graph 
storage. It has the excellent characteristics of the graph database, can perfectly map the entities and 
relationships in the knowledge map domain, and has good performance for the data with high 

User 
A 

User 

B 

User 

C 

Item 

A 

Item 

B 

Item 

C 

Figure 1.Example of item-based collaboration filtering 
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connection relationship. At present, there are many databases based on graph storage on the market, 
and the quality and performance are uneven. Literature [8] shows that Neo4j outperforms other 
databases in terms of query and storage, and has a wide range of applications in the industry. This 
article uses Neo4j as the database for storing knowledge graph. 

 

1.6.3 OpenKE 
 

This is an efficient implementation based on TensorFlow for knowledge representation learning 
(KRL). They use C++ to implement some underlying operations such as data preprocessing and 
negative sampling. For each specific model, it is implemented by TensorFlow with Python interfaces 
so that there is a convenient platform to run models on GPUs. OpenKE composes 4 repositories. 
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2 RELATED WORK 
 

2.1 Related work 
 

To solve the semantic problem and sparse matrix problem, many researchers have made their 
contribution. The authors [9] develop a new and effective hybrid matrix decomposition model that 
uses user preferences and project metadata for cross-domain recommendations. They compares the 
precision and diversity between their model and content-based model, they got some positive results. 
But they didn’t consider two problems. First, they only calculated the items’ similarity in the same 
domain. Second, the coverage of the items is also neglected. The author [10] reviewed the traditional 
collaborative algorithm and proposed a improved collaborative algorithm based on clustering and 
singular value decomposition try to solve the cold start and sparse matrix problem. But the author 
didn’t consider the sematic relationship between users and items and the problem about the coverage. 
The authors [11] proposed a collaboration filtering algorithm based on transfer learning and improved 
spectral clustering to solve the cold start, data sparseness, low operation efficiency and knowledge 
cannot transfer between multiple rating matrixes. The authors [12] proposed a new approach using 
user dissimilarity, assume that if some users have shown opposite preferences in the past, they may do 
so in the future. This approach is to deal with the ‘gray sheep’ [13] problem in the collaboration 
filtering.  

There are also many researchers try to improve the coverage of the recommendation algorithms. 
The authors [14] proposed a new approach which based on item’s usage context and combine it with 
the item-based and user-based collaboration algorithm and the results shows that improve the 
aggregate diversity compared to the standard collaborative filtering and matrix factorization 
techniques with only one case of accuracy loss. The author [15] proposed a framework which give the 
items different weights that quantifies the interest in recommending them in a broad sense and then the 
framework optimizes the award of the recommendations. The author [16] try to solve the popularity 
bias by modified underlying ranking model and re-ranking the ratings. The authors [17] used NSGA-II 
as weighted similarity measure and transformed the solution of weight vector into a multi-objective 
optimization problem. And these studies are all about the solutions for the bias popularity, but they all 
didn’t consider the items sematic problems. 
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3 METHOD 
The specific algorithm is shown in the Figure1. 
 

 
 
 
 
 

The item entities in the knowledge graph are mapped to entity vectors and the content similarity of 
these items is calculated. Use the user's behavior matrix of the item to get the similarity of the item. 
The two similarities are then merged to generate an item fusion similarity matrix. Based on the item 
similarity matrix, each user is calculated for their predicted scores for items that have not been 
subjected to behavior, and then a list of recommended items is generated for the user based on these 
predicted scores. 
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Figure 2. Collaborative filtering recommendation algorithm based on knowledge graph and 
long tail 
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3.1 Data source 
 

The data we use is mainly from two parts. 
 
First part of data is the Movielen1M [18] including movies, users and the related ratings. It is 

used for the collaborative filtering.   
 
Second part, considering the integrity of the required movie data and the difficulty of data 

acquisition, it is decided to use the data provided by the "The MovieDatabase (TMDb)" website [19]. 
TMDb is a video data community, and the first batch of data can be traced back to 2008. More than 
150,000 developers and companies are using the platform, and TMDb has become the primary source 
of metadata. Millions of people use the services provided by IMDb every day and handle more than 3 
billion requests. In addition, TMDb is the first movie site to launch a free API. 

 
The data from second mainly used for knowledge graph. 

 
We use the API in the table TMDb to crawl data about all the movies involved in the MovieLens-

1M dataset. To find the correspondence between the movies in the MovieLens-1M dataset and the 
movies in the TMDb website, we used the movie names in the dataset and the release year of the 
movie to query the movie in TMDb. The movie data acquisition process is shown in Figure 3. 
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Figure 3. Data collection flow chart 
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3.2 Database 
 

In Neo4j, we do the following design: Node: There are three types, Movie, Person, and Genre, 
corresponding to three classes in the ontology library; Edge: a total of seven types, hasActor, 
hasDirector, hasWriter, hasGenre, etc., corresponding to the ontology library Seven object attributes; 
attributes: a total of 11 types, movieTitle, personBiography, genreName, etc., corresponding to 11 data 
attributes in the ontology library. Through the above method, we store a series of knowledge such as 
entities and relationships in the knowledge graph into Neo4j. Since there are dozens of related people 
in some movies, in order to simplify the process of extracting knowledge while retaining the main 
related information, we can draw up to 3 actors, 1 director and 1 screenwriter for a movie. And the 
quantity of properties and relationships as table1 shows 

 
 

Table 1. Entity and relationship statistics 
Class Name Quantity 
Entity Movie 767 

Person 2434 
Genre 19 

Relation hasDirector/directIn 1480 
hasEditor/editIn 1460 

hasGenre/hasMovie 1246 
hasActor/actIn 1345 

3.3 Movie knowledge graph 
 

The constructed knowledge graph is a follow-up personalized recommendation service, and the 
personalized recommendation uses the data set in the movie field, we construct a knowledge graph in 
the movie field. Through the analysis and research of the relevant knowledge in the film field, we have 
identified several elements of the knowledge graph in the film field. The knowledge of the film field 
includes the basic elements of the film, the basic information of the actors and the basic information of 
the director and the screenwriter. As the table2 shows: 

 
Table 2. Description of knowledge elements in the film field 

Element Description 
Movie basic information Title, overview, release time, genre, rating, id 
Director basic information Name, id, birthday, biography 
Actor/actress basic information Name, id, birthday, biography 
Editor basic information Name, id, birthday, biography 

 
 
There are two most common ways to build an ontology library: top-down and bottom-up. The 

top-bottom approach refers to the builder's understanding of the ontology in the knowledge graph or 
the ontology information contained in the existing structured knowledge base. For example, DBpedia 
[20] is built in a top-down manner, and most of its data comes from Wikipedia. Since the concepts 
involved in the domain knowledge map are relatively fixed and require high precision of knowledge, 
the ontology in the domain knowledge map is built from the top down using experts and 
crowdsourcing in the field. The ontology construction of this paper also adopts this method. The way 
to build the library from the bottom-up is to use various knowledge acquisition techniques and 
statistical machine learning techniques to discover new terminology and terminology relationships 
from some open link data, and to incorporate highly trusted ontology knowledge into the ontology 
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library. Therefore, this ontology library construction method is also called Ontology Learning [21] 
technology. The typical of these is Google's next-generation knowledge base, Knowledge Vault [22]. 
According to the table.1 , I can extract three concepts "movie", "person" and "genre". And table3 
shows their properties. 

 
 

Table 3. Entity properties of the film knowledge graph 
Class Name Property Identification Range Description 
Movie Title Data movieTitle String Movie’s title 

Overview Data movieOverview String Movie’s 
overview 

Rating Data movieRating Float Movie’s 
rating 

Release time Data movieRelaseTime String Movie’s 
release time 

Genre Class hasGenre Genre Movie’s 
genre 

Director Class hasDirector Person Movie’s 
director 

Editor Class hasEditor Person Movie’s 
editor 

Actor/actress Class hasActor Person Movie’s 
main 
actor/actress 

Person Name Data personName String Person’s 
name 

Biography Data personBiography String Person’s 
biography 

Birthday Data personBirthday String Person’s 
birthday 

Act in movie Class hasActIn Movie The movie 
person has 
act in 

Direct in 
movie 

Class hasDirectIn Movie The movie 
person has 
direct in 

Edit in 
movie 

Class hasEditIn movie The movie 
person has 
edit in 

Genre Genre’s 
name 

Data genreName String Name of 
genre 
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We can see the Figure4. of the built-in ontology library using the OntoGraf column of the Protégé 
tool. The data properties of the entity are not shown in the structure diagram. 
 

 
Figure 4. Movie domain entity structure diagram 

 
 
 
 

Here are some examples in the knowledge graph. 
 
Example1: An actress named ’Sally Field’ who act in four movies 

 
 

Figure 5. Example of actor and movies 
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Example 2:25 movies belong to ‘Action’ movie. 

 
 

Figure 6. Example of genre and movies 
 

3.4 Knowledge embedding using openKE 
 

As I mentioned earlier, I used openKE to express the knowledge in the film knowledge graph into 
a vector that can be calculated. There are three things to note when building a model with this tool. 
The parameter ‘bern’ needs to be set to 1, which means Bernoulli sampling is used. The idea of this 
algorithm is to replace the head and tail entities with different probabilities when faced with a one-to-
many, one-to-one or many-to-many relationship. Second, the algorithm uses transH, an improved 
transE algorithm. The main difference between it and transE is that transH maps entities and 
relationships to hyperplanes. TransE is the same as before, entities and relationships are mapped to the 
same space. The research shows [23], TransH delivers significant improvements over TransE on 
predictive accuracy with comparable capability to scale up. Third, in the code section, it should be 
noted that the base file provided by openKE is ‘base.so’ and cannot be compiled in the Windows 
environment. If you need to use openKE in the windows environment, you need to manually compile 
the c++ code in openKE into a file in base.dll format. 

Based on openKE, the entities and relationships in the knowledge map can be mapped to d-
dimensional space , that is item (I) embedded as a d-dimensional vector where   represents the 
value of the embedded vector of the item i in the p-th dimension. 

 
                                                                          (1) 

 
 

3.5 Item similarity based on knowledge graph 
Since the entities and relationships in the knowledge map are embedded, the scoring function used 

is calculated based on the Euclidean distance. In order to accurately describe the similarity between 
items, we also use the Euclidean distance to measure the semantic similarity of the item vector. Before 
calculating the similarity of the items, we first calculate the distance between the items. 
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                                                                        (2) 

 
The Euclidean distance we get is a value greater than or equal to 0, which is normalized to (0,1]by 

the following operation. 
 

                                    (3) 

The larger the calculation result of this formula, the greater the semantic similarity between the 
two items. When this value is 1, the semantic similarity of the two items is the largest; when this value 
is close to 0, we think that the two items are almost completely different. 

3.6 Item similarity based on user behavior and long tail 
 

The user's behavioral data reflects the categorization of the item from the user's perspective. The 
item-based collaborative filtering algorithm belongs to a neighborhood-based algorithm, which 
calculates the similarity between items based on the behavior data of all users on the item, and then 
recommends similar items to the user according to the historical behavior of the user. There are many 
types of user behavior data for an item. This article uses the most common scoring information as the 
basis for the vectorized representation of the item. 

Suppose the recommendation system contains m users  and n items 
, then the user's rating information for the item can be expressed a m*n matrix 

 

                                                         (4) 

 
Then we can represent the item i as an m-dimensional vector whose value in each dimension 

corresponds to the rating values of the users. 
 

                                                  (5) 
 

        
As can be seen from the jaccard similarity algorithm, the two items are similar because they are 

shared by many users, but there is also a problem. Assume that item j is too popular, and most users 
who have purchased item i will purchase items. This is the case for the recommendation system for 
mining long tail information: hot items tend to be similar to hot items, and unpopular items tend to be 
similar to unpopular items [24], that is, if a user likes a hot item, it is difficult to recommend an 
unpopular item to him. This paper introduces the weighting factor of the number of article comments, 
as shown in (6), where is the total number of comments of the user, and  is the number of 
comments of the item j. 

                                                                (6) 
The weighting factor increases the weight ratio of the unpopular items in calculating the similarity 

of the items while the popular items are being penalized, and the improved item similarity algorithm 
(7) is shown. 

 

                                  (7) 
 

The larger the calculation result of this formula, the greater the similarity between the item  and 
the item based on the user behavior. When this value is 1, we think the two items are the same; 
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when this value is 0, it means that the two items are completely different. In particular, when user u 
has not generated rating information for item i, we consider the value is 0. 

3.7 Similarity fusion 
 

Based on the embedded vector of the items in the knowledge graph, the similarity of the items 
based on the knowledge map is obtained. Based on the user's scoring matrix for the item, the similarity 
of the item based on the user's behavior is obtained. We combine the two similarities to get the final 
similarity of the items. The method of fusion is weighting. The specific calculation method is as 
follows: 

 
           (8) 
 

Where αis the fusion factor, and the value range is [0, 1], which represents the proportion of the 
similarity of the items based on the knowledge map in the final item similarity. When  is 0, 
the final similarity is the similarity based on the user's behavior; when  is 1, the final 
similarity is the similarity of the items based on the knowledge map. The merged item has a similarity 
range of [0, 1].  
 

3.8 Rating forecasting 
 

The approach to forecast the rating for the user is mainly inspired by the paper [25]. The general 
idea for recommending items for users is: based on the fusion item similarity matrix, each user's rating 
of unevaluated items is predicted. A recommendation list is then generated for each user using the 
user's predicted score for the item. After obtaining the item similarity matrix, we use  to denote the 
predicted user u's rating of item i. 

 
                                                                                                                    (9) 

 
represents the similarity between the item  and the item ,  represents the score of the 

user u in the existing rating matrix for the item j,  represents the set of items that the user u has 
rated, and  represents the collection of most similar k items. 

 

3.9 Recommendation list generation 
 

In the TOP-N recommendation system, we generate a list of recommendations for each user that 
contains N items. We recommend the user based on the following assumptions: The higher the user's 
predicted score for the item, the more interesting the user is to the item. The process of generating a 
list of recommended items for the user is shown in the Figure 7 
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Figure 7. Process for getting a Top-N recommendation list 
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4 EXPERIMENT 
 

4.1 Data collection 
 

The data used in this experiment was obtained from the established film knowledge graph and the 
movieLens data set. 

 
In order to test the performance of the recommended model, we need to extract a portion of the 

sample data in the original data set for testing the model. To improve data utilization, we used K-fold 
Cross Validation to build training and test sets. The specific steps of the K-fold cross-validation 
method are as follows: 1. Randomly split the original data set into mutually exclusive k data subsets. 2. 
Use one of the subsets as the test set and the remaining k-1 subsets together as the training set. 
Obviously, there are a total of k allocation methods. 3. On each of the distribution schemes, the model 
is trained and tested, and the results of the k test results are averaged as the final experimental results. 
This paper uses a K-fold cross-validation method with a k value of 5 to divide the data set. 

 
 

4.2 Experiment  
 

Experiment for RQ1.1 
 

The similarity of items based on knowledge graph and the similarity of items based on user 
behavior are combined. The similarity coefficient of the item based on the knowledge graph is α and 
the similarity coefficient of the item based on the user behavior is (1 -α), and the value range of α is [0, 
1]. When α is 0, the final similarity is the similarity based on the user's behavior; when α is 1, the final 
similarity is the similarity of the items based on the knowledge graph. Take different α values in the 
experiment to find the best performance. 

 
Experiment for RQ1.2 
 

In order to verify whether the proposed algorithm is superior to the original item-based 
collaborative filtering algorithm in recommendation performance, we designed this experiment. In the 
case where the degree of fusion is optimal (i.e. when α is 0.8), the performance of the algorithm and 
the item-based collaborative filtering algorithm at different neighbor numbers are compared. The 
nearest neighbors are [20, 40, 60, 80, 100]. 

 
Experiment for RQ2 
 

In order to verify whether the algorithm has improved the ability to mine long tail information 
after introducing a factor based on the number of item comments, this experiment was designed. The 
experiment uses coverage as a measure of the ability to mine long tail information, and compares the 
coverage of KGLT-CF, KG-CF and item-based CF algorithms under different neighbors. 

 

4.3 Evaluation  
 

The recommendation system can usually be evaluated from two angles. One is to measure the 
accuracy of the prediction score from the perspective of the score prediction; the other is to evaluate 
the recommendation list given by the recommendation system. The literature [26] believes that the 
purpose of the recommendation system is to find items that may be of interest to the user, rather than 
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predicting the user's rating of the item. Therefore, we evaluate the TopN recommendation list given by 
the personalized recommendation system, using precision, recall, and coverage to measure the 
performance of the recommendation system. In this project, to simplify the problem, we believe that a 
score greater than or equal to 3 means that the user likes the movie. 

 
 
 

According to the confusion matrix: 
System Users like Users don’t like 
Recommendation TP FP 
Not recommendation FN TN 

Table 4. Confusion matrix 
 

TP (true positive) represents a sample that the recommendation system recommends, and the 
actual user behavior does occur. We use Ntp to represent the number of TP class samples. 

FP (false positive) represents a sample recommended by the recommendation system, but the 
actual user behavior did not occur. We use Nfp to represent the number of FP samples. 

TN (true negative) represents a sample that is not recommended by the recommendation system 
and that does not occur in actual user behavior. We use Ntn to represent the number of TN samples. 

FN (false negative) represents a sample of what the recommendation system did not recommend, 
but the actual user behavior occurred. We use Nfn to represent the number of FN samples. 

 
                             (10) 

 
The meaning of precision is the proportion of the list of behaviors recommended by the 

recommendation system and that do exist in the test set (ratings larger than 3) as a percentage of the 
list of all behaviors recommended by the recommendation system. 

 
The recall rate means that the list of behaviors recommended by the recommendation system and 

that do exist (ratings larger than 3) in the test set accounts for the proportion of the entire list of 
behaviors in the test set 

 

                                                                                                   (11) 
 

Coverage is also an important indicator for evaluating the recommendation results of the 
recommendation system. Suppose the total number of items in the recommendation system is I and the 
recommended system is user u. The recommended list of items of length N is represented as R(u). U 
represents all user collections. Then coverage can be defined as: 

 

 
 

Coverage refers to the ratio of items recommended by the recommendation system to all users as 
a percentage of total items. The high coverage rate indicates that the recommended system's ability to 
recommend unpopular items is better. 
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5 RESULTS 
 

The recommendation algorithm is to find k movies of close neighbors for each user, and 
recommend 10 movies for users by scoring prediction. The nearest neighbor value k of the experiment 
is 20. 

 
In order to determine the optimal parameters of the algorithm, we choose the fusion ratio a of 

similarity in the sequence with interval [0,1] and interval 0.1. When a is 0, the whole recommendation 
algorithm is an item-based collaborative filtering algorithm; when a is 1, it represents the 
recommendation algorithm based on the knowledge graph. We test the algorithm on the validation set 
and determine the optimal degree of convergence based on the accuracy of the recommendation. 
Figure8,9,10 are the recall, precision and coverage under different fusion degrees.   
 
 

 
 

Figure 8. Recall under different fusions 
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Figure 9. Precision under different fusions 
 
 
 
 

 
 

Figure 10. Coverage under different fusions 
 
 
 
 
This is a comparison between the collaboration filtering based on knowledge graph 

algorithm and the long tail (KGLT-CF) and the traditional item-based collaboration filtering 
algorithms. We compare precision, recall, and coverage with a fusion ratio of 0.8 and the different 
number of neighbors (k=20,40,60,80,100). The results are shown in figure11,12,13 
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Figure 11. Recall between the KGLT-CF and item-based CF 
 
 

 
 

 
 

Figure 12. Precision between the KGLT-CF and item-based CF 
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Figure 13. Coverage between the KGLT-CF and item-based CF 
 

 
 
This is the a comparison of coverage among the KGLT-CF, collaborative filtering based on 

knowledge graph(KGCF) and the item-based collaborative filtering algorithm.    
 
 

 
 

Figure 14. Coverage among the KGLT-CF,KG-CF and item-based CF 
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6 ANALYSIS AND DISCUSSION 
 

6.1 Analysis  
 

By comparing Fig. 8 and Fig. 9, we can find that in the case of the fusion rate α = 0.8, the 
precision and recall of the algorithm proposed in this paper reach the highest respectively. The 
precision is 8.354% and the recall is 17.598%. At the same time, the coverage rate is about 44.95%. 
After comparing the performances with the item-based collaborative filtering algorithm at different 
numbers of neighbor, it can be found from Figures 11, 12, and 13 that the proposed method is superior 
to the original in terms of precision, recall, and coverage. In addition, it is found that the performance 
of the proposed method performs best when the number of neighbors is 20. It is concluded that the 
KFLT-CF algorithm performs well in the case of a fusion ratio of 0.8 and a neighboring number of 20. 

 
In order to verify whether the introduction of the number-based collaborative filtering algorithm 

can dig long tail information, improve coverage, that is, whether the coverage ratio is better than the 
collaborative filtering algorithm without introducing the long tail theory. We can see from Figure 14 
that KGLT-CF is significantly better than the other two algorithms in terms of coverage under 
different neighboring numbers. 

 
The knowledge embedding method of the items in the knowledge graph is combined with the 

collaborative filtering algorithm, and the item semantic information extracted from the knowledge 
graph is used to make up for the defect that the item-based collaborative filtering algorithm does not 
consider the content information of the item itself. The essence of the recommendation algorithm 
proposed in this paper is to introduce the semantic information of the item from the knowledge graph, 
and then combine it with the item-based collaborative filtering algorithm to improve the 
recommendation effect by depicting the similarity of the items from multiple angles. 

6.2 Discussion 
 
For RQ1.1, I want to find the best fusion rate between the similarity matrix based on knowledge 

graph and the similarity matrix based on user behavior. From the results in figure8,9,10, we can find 
that when fusion rate is 0.8, the recall, precision are both the best, and the coverage is acceptable 
compared with other collaborative filtering algorithms. 

 
For RQ1.2, In order to verify the recommend performance and the ability to dig the long tail 

information of the proposed approach in this paper, I compare the recall, precision and coverage of the 
KGLT-CF with the item-based CF. From the figure11,12,13, we can find that all three metrics of 
KGLT-CF are better than item-based CF in different numbers of neighbors. And when the number of 
neighbors is 20, the performance is the best. 

 
For RQ2, In order to verify the ability to dig out the long tail information, I choose the coverage 

to measure that. And I compare three algorithms’ coverage, which are KGLT-CF, KG-CF and item-
based CF. From the figure 14, we can find that under all different numbers of neighbors, the coverage 
of KGLR-CF is better than other two.     

 
The experimental results show that the proposed method improves the recommended 

performance by reducing the sparsity of the matrix and mining the semantic information between the 
items. At the same time, the long tail theory is considered, so that users can be recommended to more 
items that may be of interest. 
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6.3 Validity Threats 
 
        In this thesis work, the proposed new method performs well, but still faces some validity threats. 
The main threats are evaluation, data quality, and so on. 
 

1) Internal threat: In this paper, I use the recall, precision and coverage to measure the performance 
of recommendation. But how can we know that the recommended items which not in the test 
dataset are the ‘bad’ recommendation. So, in my opinion, the users’ satisfaction is the best metric 
to measure the performance of recommendation. If possible, in the future, I can use questionnaire 
to measure that. In other words, an online experiment can be used instead of an offline experiment 
to get the user's satisfaction with the recommendation result.  
 

2) Internal threat: When use the openKE to embed the knowledge from knowledge graph, I should 
be more familiar with that toolkit, have deeper understanding about the model in the openKE. For 
example, choose a better dimension when mapping to the vector. And if possible, I need to choose 
a better model by experiment. 

 
3) Extern threat: The threat of data quality and quantity. As described above, about 1,000 movies, 

2,500 people, 6,000 relationships, 1,500 users and 250,000 ratings were used in the experiment. In 
this project, although a knowledge graph of a movie is constructed, it is limited by time, 
computing resources, etc. And the data in the knowledge graph is not enough for practical 
applications. If there are more resources, I need to build a richer knowledge graph to verify the 
performance of the proposed method.  
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7 CONCLUSION AND FUTURE WORK 
 

The main content of this article has the following contributions: 
 

1) First, I studied the construction method of domain knowledge graph, designed and implemented a 
knowledge graph in the film field. And then analyze the knowledge characteristics of the film field, 
realize the division of entities and relationships in the field, and complete the ontology library. 
Finally, I extracted the entities and relationships in the movie field and completed the knowledge 
graph storage based on the graph database (neo4j). 

2) Second, used a toolkit called openKE[27] to embed the knowledge. Entities and relationships 
extracted from the knowledge graph are vectorized using knowledge embedding techniques while 
preserving semantics. Prepare for later integration with collaborative filtering algorithms. 

3) Third, while implementing the item-based collaborative filtering algorithm [28], in order to 
improve the overall diversity, a factor based on the number of item reviews is introduced to punish 
popular items. The experiment was designed and carried out, and the results show that the method 
can improve the coverage rate while ensuring the accuracy of recommendation. 

4) Finally, this paper proposes a personalized recommendation algorithm based on knowledge graph. 
Using the semantic information of the item extracted from the knowledge graph to make up for the 
defect that the item-based collaborative filtering algorithm does not consider the content 
information of the item itself. By comparing the item-based collaborative filtering algorithm, the 
proposed algorithm in this paper has certain improvement in accuracy, recall and coverage. 

 
But there still some challenges and future work. 
 

In the construction of the film knowledge graph, this paper constructs the actor relationship, the 
director relationship, the writer relationship and the film type relationship for the film entity. In fact, in the 
follow-up work, we can build more entities in the movie knowledge graph, such as the publisher of the film. 
This aspect can enrich the knowledge in the film knowledge graph, and on the other hand, it can make the 
embedded entity and relationship vector more reflect the reality, which helps the recommendation system to 
more accurately describe the similarity between movies.  

 
In this paper, an item-based collaborative filtering algorithm is combined with a knowledge graph. I 

can try to combine user-based collaborative filtering and model-based recommendation algorithms with 
knowledge graph. When combining user-based collaborative filtering with knowledge graph, it is possible 
to construct user images through knowledge graph to help the recommendation system find similar user 
groups; When combining the model-based recommendation algorithm with the knowledge graph, I can try 
to jointly learn the original recommendation model and the representation model of the knowledge graph. 
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