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Abstract: For traditional collaborative filter recommendation algorithm technology, this paper combines the collaborative 

filtering recommendation algorithm with the community division technology of social networks, use the Louvain community to 

divide algorithms, divide the recommendation users to a community of similar users, and use the collaborative filter algorithm 

based on the user similarity formula within the community to recommend. In order to verify the effectiveness and accuracy of 

the algorithm in this paper, based on the introduction of the Douban dataset and the evaluation criteria used, a variety of 

comparative experiments are carried out on the Douban dataset with a variety of recommendation algorithms to verify the 

effectiveness of the proposed algorithm 
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1. Introduction 

In today's society, the network has surged massive 

resources, making people dizzy, which brings great 

challenges to the group using the network, because it is 

difficult for users to obtain valuable and available information 

from a large amount of information, and the recommendation 

algorithm came into being, the recommendation system is a 

representative of information filtering technology, which is 

widely used to solve the problem of information overload, 

identify the goods of interest from a large amount of data and 

recommend it to users. 

In recent years, many experts have found that the 

relationship between social network users can be seen as a 

link [1], these users may follow each other based on hobbies 

or interests, or real friends, so it means that there may be 

certain similarities and correlations between users and the 

users they follow, and we can use this similarity to discover 

the information and implied content we need. In the 

recommendation algorithm, there have always been problems 

in data sparsity, cold start and system performance, and 

considering multi-dimensional factors combined with the 

user's information in social relations is an important way to 

improve the accuracy of the recommendation system [2]. 

Zhou W et al. [3] propose a new recommendation method 

SRMP based on social network and preference, which 

integrates social network information and user preferences 

into the recommendation matrix decomposition, and in order 

to improve the accuracy of recommendation, SRMP performs 

recommendation in each independent subcommunity. FE 

Walter et al. [4] fused and combined temporal information 

and knowledge graphs, and some of them used the trust 

relationship between users as social information. 

Zhang Xuefeng et al. [5] based on the existing trust-based 

recommendation system, using autoencoder to optimize the 

unsupervised initialization feature of user behavior, and 

proposed a new trust measurement model that integrates user 

interaction information, preference degree and trust. In 2021, 

researchers [6] proposed a service recommendation system 

that utilizes the social relationship between device owners, in 

which the recommendation is based on the different 

relationships between the service requester and the service 

provider. Experimental results show that in the Internet of 

Things environment, incorporating users' social relationships 

into service recommendation can improve the accuracy and 

diversity of services. Li Gai et al. [7] propose a new social co-

ordering recommendation algorithm that combines 

explicit/implicit feedback, which simultaneously mines the 

explicit/implicit information in the user score matrix and the 

social network matrix. 

2. Recommendation algorithm  

2.1. Community detection algorithm 

This paper uses the Louvain community division algorithm 

proposed by Blondel et al. [8-9], which is a graph algorithm 

model based on modularity, different from ordinary 

modularity-based and modularity-based gain algorithms, this 

algorithm is suitable for large networks, fast division, and can 

improve the recommendation efficiency when used on the 

recommendation system, and has the advantages of simple 

implementation and high execution effect, so this paper uses 

the algorithm to similarly divide the social relationships of 

target users. 

Louvain's algorithm is a community discovery algorithm 

based on modularity optimization, and the modularity 

formula is as follows: 

𝑄 =
1

2𝑚
[𝐴𝑢𝑣 −

𝑑𝑢𝑑𝑣

2𝑚
]𝛿(𝑐𝑢𝑐𝑣)         (1) 

  𝐴𝑢𝑣is a user relationship adjacency matrix; 𝑑𝑢 represents 

the degree of user 𝑢; 𝛿(𝑐𝑢𝑐𝑣)is Colorola functions, indicates 

whether users 𝑢 and 𝑣 belong to the same community 

From formula, the higher the value of Q, the better the 

effect of community division, and vice versa. 

The goal of Louvain's algorithm is to maximize modularity, 

and the main algorithm steps are divided into the following 

steps: 

Step1: Think of each node in the graph as a community. 

Step2: Try to let a node join the neighbor community, 

calculate their modularity increment ∆𝑄, try all the neighbor 

communities again, and select the neighbor community with 

the largest modularity increment ∆ Q to join. The calculation 
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formula is as follows (2): 

∆𝑄 = [
∑ +𝑘𝑖,𝑖𝑛𝑖𝑛

2𝑚
− (

∑ +𝑘𝑖𝑡𝑜𝑡

2𝑚
)

2

] − [
∑  𝑖𝑛

2𝑚
− (

∑  𝑡𝑜𝑡

2𝑚
)

2

−

(
𝑘𝑖

2𝑚
)

2

]                   (2) 

∑  𝑖𝑛 is the sum of weights within Community 𝐶; ∑  𝑡𝑜𝑡 is 

community 𝐶  Sum of all connection weights (including 

community to external links); 𝑘𝑖  is the sum of all link 

weights associated with node 𝑖; 𝑘𝑖,𝑖𝑛 is Link from node i to 

the sum of nodes in community 𝐶; 𝑚 is the sum of all link 

weights in the network. 

Step3: Merge all communities to become a new Supernode 

with edge weights that sum the weights of all nodes within 

the original community. 

Step4: If the algorithm has reached its goal, then the 

algorithm ends, otherwise repeat steps 1-3. 

2.2. User-based collaborative filtering 

algorithm 

The user-based collaborative filtering algorithm [10] refers 

to recommending items to the user that the user likes with 

similar interests. The general recommendation process is to 

recommend to user 1 who needs to be recommended, find 

user 2 similar to user 1, and recommend items that similar 

user 2 likes but user 1 has not touched before to user 1, so as 

to complete the recommendation. 

The detailed steps of the user-based collaborative filtering 

algorithm are: 

Step1: Establish a user-item scoring matrix based on the 

user's historical behavior data, and map the user's rating data 

to the elements in the table, as shown in Table 1 below: 

Table 1. User-Item matrix 

 User 1 User 2 User 3 User 4 

Item1 2 4 1 2 

Item2 - 3 5 - 

Item3 1 - - - 

Step2: Calculate user similarity according to Table 1 matrix. 

Cosine similarity is a method of evaluating the similarity 

of two vectors by calculating their angular cosine value. In the 

user-based collaborative filtering algorithm, cosine similarity 

represents the size of the vector angle between the user vector 

𝑖  and the user vector 𝑗 , which can be expressed by the 

following equation 3: 

𝑠𝑖𝑚(𝑖, 𝑗) = cos(𝑖, 𝑗) =
𝑖∙𝑗

||𝑖||∙||𝑗||
          (3) 

If both the user vector i and the user vector j are n-

dimensional, then cosine similarity can be expressed as the 

following equation: 

cos(𝜃) =
∑ 𝑥1𝑘𝑥2𝑘

𝑛
𝑘=1

√∑ 𝑥1𝑘
2𝑛

𝑘=1 √∑ 𝑥2𝑘
2𝑛

𝑘=1

           (4) 

Step3: Sort according to the scores of the items in the above 

formula, and select the N items with the highest rating to 

recommend to the target user. 

The following figure shows the recommendation algorithm 

process: 

 

Figure 1. Recommendation Algorithm Process. 

3. Results and Analysis 

3.1. Introduction to datasets 

In order to verify the performance of the algorithm in this 

paper, the Douban dataset will be used as the experimental 

dataset. 

The Douban dataset (https://www.librec.net/datasets) uses 

a 5-star scoring mechanism. There are 7375 user data and 

99746 movie data in the dataset, 278483 ratings, and 111761 

social relationships, of which there are a total of 15 movie 

types in the Douban movie dataset. This is shown in Table 2 

below: 

Table 2. Douban Movie Dataset 

User Movie Ratings 
Social 

Relationship 

Movie 

genre 

129490 99746 278483 111761 15 

This experiment adopts cross-validation technology to 

avoid the chance of experimental results. The dataset was 

divided into 5 parts, 80% of the data was randomly selected 

as the training set, 20% of the data was used as the test set, 

and the average of the five experiments was taken as the final 

result of the experiment. 

3.2. Evaluation indicators 

Since the beginning of the recommendation system 

research, the evaluation of prediction and recommendation 

results has been a very important link, and the advantages and 

disadvantages of a recommendation algorithm are directly 

reflected in its performance on these evaluation indicators. 

Common scoring prediction tasks are generally calculated 

by RMSE and MAE. See the following formula 5 and 6: 

𝑀𝐴𝐸 =
∑ |𝑟𝑢𝑖−𝑟̂𝑢𝑖|𝑢,𝑖∈𝑇

|𝑇|
           (5) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑟𝑢𝑖−𝑟̂𝑢𝑖)2

𝑢,𝑖∈𝑇

|𝑇|
          (6) 

3.3. Model comparison 

In order to verify the recommendation efficiency of the 
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algorithm proposed in this paper, the experiment in this paper 

will compare with the results of multiple recommendation 

algorithms similar to this paper, and the recommended 

evaluation indicators of their respective algorithms are 

obtained. 

(1) UK-Means [11] 

The K-means clustering [12] method is used to cluster all 

users of the recommender system, and then find the similar 

user collection of the target user in the cluster to which the 

user belongs, and finally complete the recommendation 

according to the similar user. 

(2) SVD++[13] 

The SVD++ is based on the improved algorithm of singular 

value decomposition, the user-item scoring matrix is used to 

solve the sparsity problem of data to a certain extent. 

(3) Louvain-CF 

The algorithm presented in this paper, collaborative 

filtering recommendation algorithm based on Louvain 

algorithm 

In this experiment, the Douban dataset is divided into five 

parts, one of which is the test set and the other four copies are 

used as the training set. Calculate the experimental results on 

five datasets and take the average to get the final result. 

The experimental results are shown in Figures 2 and 3 

below and Table 3: 

 

Figure 2. The MAE value compares the results with other 
algorithms. 

 

Figure 3. The RMSE value compares the results with other 
algorithms. 

Table 3. The MAE and RMSE value Compare of the experiment 

Name UK-Means SVD++ Louvain-CF 

MAE 0.8746 0.8172 0.8018 

RMSE 1.0182 0.9263 0.9126 

This experimental result proves that the Louvain-CF 

algorithm is superior to the other two algorithms 

4. Conclusion  

(1) The algorithm in this paper combines the user-based 

collaborative filtering algorithm with the similarity 

calculation of the community-based collaborative filtering 

algorithm, and integrates the two dimensions of user item type 

preference and score similarity to achieve the purpose of 

improving user similarity and improving recommendation 

effect. Finally, using the collection of neighbors in the 

community, the target unscored items are predicted and the 

Top-N recommendation list is generated. The experiment was 

verified on the Douban public dataset, and compared with 

other algorithms, the experiment verified that the 

recommendation accuracy and operation effect of the 

algorithm were better. 

(2) This paper combines the community division algorithm 

with the user-based collaborative filtering algorithm, and uses 

the Louvain community division algorithm, on this basis, 

although the sparsity problem and cold start problem are 

effectively solved, but this paper should consider a variety of 

community division algorithms, so as to make multiple 

comparisons, choose the best division method, and need to 

consider whether the algorithm is suitable for the 

recommendation of more platforms, and the evaluation index 

of the prediction score in this paper is better than other 

recommendation algorithms. However, it can be considered 

that the algorithm compares with other algorithms in multiple 

evaluation indicators. 
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