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Abstract 
In recent years, Internet social networks have been undergoing rapid development. 
Various types of recommendation systems gradually select the social information that 
users communicate with each other as corresponding supplementary information to 
improve existing recommendation algorithms. In essence, social recommendation The 
system has carried out scientific and accurate simulations of a series of user behaviours 
expressed by social groups, which can effectively deal with the problem of relatively 
small user rating data and the lack of user behaviour characteristics of new users. 
Therefore, scholars have carried out in-depth investigations around this research 
direction. In this paper, first, the basic definition and corresponding framework of social 
recommendation are elaborated. Secondly, this article discusses several popular social 
recommendation models in detail. It conducts a more in-depth and detailed overview of 
recommendation models built based on graph regularization, matrix factorization and 
factorization machines. Finally, this article also summarizes the areas to be improved in 
the social recommendation system and looks forward to its development trend in the 
future. 
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1. Introduction 

With the rapid development of network information technology in recent years, social media 
platforms represented by forums, QQ, Weibo, WeChat, blog and Facebook are favoured by users and 
have gained relatively extensive practical applications. Because of this, user-generated information 
is increasing day by day, the frequency of interaction between users is also growing rapidly, and 
information containing a series of social relationship attributes is also exploding and increasing. In 
this case, if the recommendation system is selected, it can fully filter unnecessary, redundant 
information for users, effectively improve the current service quality, reduce excessive cost input as 
much as possible, and effectively avoid the adverse effects from noise [1-2]. Not only that, but users 
can also collect the information they need for the first time based on the role of the recommendation 
system, which not only helps to push the information they need to the majority of users but also can 
be widely favoured by users [3]. 

However, the recommendation system has many problems to be solved in data sparsity and user cold 
start, so it cannot guarantee good recommendation accuracy. In order to effectively deal with the 
above problems, scholars introduced a series of social relationship attributes involved by users as 
influence factors with corresponding weights into the recommendation framework used in the past to 
optimize part of the recommendation parameters[4-5], which can significantly improve the accuracy 
of the traditional recommendation system. In other words, the corresponding knowledge system 
should be established according to the social relationship network to obtain the cooperative 
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relationship among users, so as to comprehensively improve the recommendation quality of the 
system itself, give it a good user experience, and finally obtain a more effective socialized 
recommendation method [6]. Nowadays, social recommendation systems have added some very 
innovative features compared to the recommendation systems used in the past. First of all, the data 
recommended by the system is various, but for the recommendation system that has been used in the 
past, it is mainly based on the interactive information contained in the user-item, and the 
corresponding personalized preference model is established around the relevant users. In this way, 
the user's preference for a specific item is obtained and recommended. In the process of social 
recommendation, a lot of heterogeneous data is involved, such as tags, comments, and dynamic 
trajectories. Moreover, social recommendations have a wide range of applications. Most of the 
recommendation systems used in the past are applicable to e-commerce products; However, this 
innovative recommendation method also includes friends' recommendations, travel recommendations 
and many other contents [7]. Finally, it is worth mentioning that the social recommendation system 
still needs to improve its adaptability before it can be applied to relatively complex scenes. Often, 
you need an approach that fits in with other domains to get recommendations that are well adapted. 

In this paper, the social recommendation system around a deeper level of detailed research. First of 
all, this article elaborates on the basic definition and corresponding framework of the social 
recommendation system and the many development stages of the system and the actual research 
situation in the current period. Secondly, this article elaborates on the recommendation model based 
on graph regularization, matrix factorization and factorization machine, etc. It conducts a scientific 
and reasonable comprehensive analysis and detailed comparison of these models. Finally, this article 
also summarized the review part and launched a more in-depth exploration and prospects around the 
privacy protection issues contained in it.  

2. Basic Theory of Social Recommendation System 

In 1997, some scholars first mentioned the basic definition of social recommendation. Nowadays, 
diversified social media are in rapid progress. A large amount of social attribute information has been 
derived from social networks, which makes scholars carry out in-depth research on the social 
recommendation system in full swing [8]. Primarily since 2007, ACM Recommendation System 
annual conference has been held every year. Since 2009, the annual conference has held thematic 
discussions on social recommendation research every year [9]. In 2011, scholars mentioned several 
future research directions of social recommendation systems and elaborated ten hot research issues 
in this aspect [10]. In 2019, at the theme seminar, scholars further proposed four primary research 
directions for social recommendation [11]: (1)data security and privacy protection in social 
recommendation; (2)The application of deep learning in social recommendation; (3)Online learning 
and interactive social recommendation; (4)Effective evaluation of social recommendation system. All 
these problems have expanded the research path of this field and gradually improved the theoretical 
system of this systematic research. In this chapter, the research on social recommendation is discussed 
in detail from the basic definition and detailed classification, framework and formal definition of 
social recommendation. 

2.1 The Concept and Classification of Social Recommendation 

In order to help users collect the information they need in the first time from the large amount of 
information, that is, to meet the personalized needs mentioned by the majority of users, the 
recommendation system that has been used in the past is generally based on obtaining users and items 
There is a binary relationship between each other, and the corresponding interest recommendation 
model is constructed [12]. However, the social recommendation studied in this paper mainly converts 
a series of social attribute information into core influence parameters for real-time input into the 
recommendation model for correction, which can significantly improve its comprehensive 
performance [13]. However, with the rapid development of social media in recent years, the social 
recommendation is no longer limited to some general items but involves tags, group 
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recommendations, and other aspects. At this point, the data that can be used by this method includes 
social tag information, user click information, etc. And it involves the social relationship information 
between each user and each other. It can be seen that social recommendation treats all social media 
as recommendation targets. Therefore, scholar Tang et al. gave a narrow definition and a broad 
definition of social recommendation [14]. 

So far, in-depth research on social recommendation technology is still in the process of active 
development, so all parties recognize no unique classification standard system. Based on the origin 
of social recommendation, some researchers have carefully divided it into several categories, 
including content-based social recommendation, knowledge-based social recommendation, social 
recommendation based on collaborative filtering and mixed social recommendation, by referring to 
the classification criteria selected by traditional recommendation methods [15]. However, as the 
technology taking social network analysis as an example has been gradually applied in social 
recommendation, scholars have conducted in-depth and detailed researches on some highly 
representative social recommendation models, including the recommendation models built on the 
basis of graph regularization, matrix decomposition and factor decomposition machine [16-18]. In 
addition, from the perspective of object-oriented classification of social recommendation, some 
scholars divide it into individual-oriented social recommendation and group-based social 
recommendation to identify whether the object recommended on social media is an individual user 
or a group user. 

2.2 Formalized definition of social recommendation 

In 1997, scholars Resnick and Varian first proposed the descriptive definition of traditional 
recommendation system [19], as follows: Relying on certain e-commerce websites, giving customers 
the product information they need, helping them make product purchase decisions, and Real-time 
simulation of the seller helping customers complete the purchase process. 

From the perspective of subject sources, it can be seen that the social recommendation system is 
mainly based on the analysis theory associated with social networks. This theory closely connects a 
series of social attribute information related to users with the traditional recommendation system, not 
only can effectively deal with data sparsity It also solves the problem of cold start with users, and 
effectively improves the performance of the existing system. In social network theory, one of the 
most critical tools is social network analysis, which can explain the internal relationships and 
evaluation values that exist with people, groups, organizations, and computers. Social network 
analysis pays special attention to the internal relationships between users, but users and their 
corresponding information attributes are in sub-positions. When in a virtual network, a series of 
interactions between a large number of individuals can form a specific topological network. 
Researchers generally define it as an online social network [20]. Some researchers Point out that the 
network is part of the traditional social network. 

Based on the conventional recommendation system [21] and closely combined with the framework 
model corresponding to the social recommendation system, the system can be defined as: 

First, assume that U  represents the collection of all users and I  represents the collection of all 

items that can be recommended to users; If ,( )i j M NG g   is assumed to be the relational matrix 

involved in all user social information, where M  and N  represent the specific quantity of sets U  
and I  in turn, namely | |M U  and | |N I ; Then, the evaluation utility function is mapping 

:U I R   , where R  mainly represents the recommended utility value and Y represents the 

actual number of users with certain social association with user xu : 

, ,|{ | , , 0, }|y y x y x yY u u U x y g g G                              (1) 
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For each user group that has built a social relationship, it is necessary to carry out a scientific and 
reasonable comprehensive evaluation of all the items involved, so as to obtain an item set *I  that 
meets the needs of users: 

* 1
, arg max ( , ) ( , )

Y

x i I i x y
y

u U I u i u i
Y

   

 
     

 
                   (2) 

For , [0,1]    and + =1  , i  mainly represents the deviation variable and refers to the 

popularity of i I  among the user group. In this case, the user group is suitable for all users or 
suitable for some users (for example, a user group that only has some social relationship with users 

xu ). 

2.3 The basic framework of social recommendation 

Nowadays, most scholars have proposed several different social recommendation framework models 
for social recommendation systems considering the structural characteristics of social networks, the 
popularity of various items in social groups and the influence of user-item social attribute information 
on recommendation strategies [21-25]. Based on the specific characteristics of social 
recommendation technology and the pre-planned system process, the following system framework is 
presented in this paper, as shown in Figure 1. 

(1) Data collection layer: This layer aims to obtain a series of social recommendation data from social 
media based on various types of information technologies such as web crawlers. In general, these 
data can be divided into three categories, including user-item interaction information, basic attribute 
information and social attribute information. In the interactive information contains the user to click 
on the item, after scoring the generated information, and basic attribute information includes the user, 
many aspects, such as age, work, and item categories in addition to this, the social attribute 
information includes the user friends of the relationship between information and trust between each 
other, each other, and each item identical category information, etc.; 

(2) Information processing layer: This layer aims to preprocess the data obtained from the upper layer 
and then input the structured data to the following model layer in real-time. In this level, the user-
item interaction matrix and correlation calculation between items are involved. The correlation 
calculation between users and items is closely related to the accuracy of social recommendation, 
which is used to build a reliable user-item interaction matrix; 

(3) Model layer: The hierarchy as part of the core layer, due to the need for the user and item 
comprehensive consideration, the association between each other and need to consider the difference 
of social recommendation technology, so how will the various types of social network information, 
into the diversification to recommend model, and the role played by when manifested intuitively 
recommended, It is the core content of the in-depth study of social recommendation system by 
scholars nowadays. Based on the differences in recommendation technology, social recommendation 
models can be divided into several categories, including recommendation models built on the basis 
of graph regularization, matrix factorization, and factorization machines, etc. In this, the 
recommendation system is built on the basis of matrix decomposition, when collecting the relevant 
feature vectors, usually, social network relations will have a certain degree of influence on the users 
and items involved in the matrix decomposition process. However, in the social recommendation 
model based on factorization machine, this relationship will directly affect a series of parameters of 
the model; 

(4) Result generation layer: this layer is responsible for scientific and reasonable comprehensive 
evaluation of the obtained recommendation results. Suppose the user has been given the 
recommendation results. In that case, relevant indicators such as accuracy, usefulness, and diversity 
will be used to comprehensively evaluate the social recommendation system's performance and then 
make necessary improvements. 
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Figure 1. The basic framework of social recommendation 

3. Theoretical research on social recommendation model 

In recent years, diversified methods such as network analysis, matrix factorization, and factorization 
machines have been widely used in social recommendation systems. At present, scholars have studied 
and obtained a series of highly representative social recommendation models, mainly including graph 
regular-based recommendation model, matrix decomposition model and factorization machine model. 
In this chapter, several recommendation models mentioned above will be summarized, and the 
advantages of these models and the areas to be optimized will be elaborated in detail.  

3.1 Social recommendation model based on graph regularization 

If the corresponding social recommendation model is constructed based on graph regularization, it 
will be relatively direct and natural. In a social network, all users and items are represented by nodes, 
and the edge weights connected to each other between nodes mainly represent the degree of 
connection between users or items. In recent years, some scholars have introduced various features 
of each user's social relationship network graph into the recommendation system, thus deriving 
various types of social recommendation methods [26-34]. For example: the recommended method 
[26,27] based on graph regularization also includes a more effective link prediction method [28-31] 
and graph neural network method [32-34]. 

(1) Graph regular-based recommendation method 

In general, graph topological model analysis and semi-supervised learning methods are used to carry 
out scientific and reasonable comprehensive design for the recommendation method based on graph 
regularization to design corresponding social recommendation algorithms. In this process, we need 
to rely on user-item binary maps, partial feature information, etc. As for this method, it is only suitable 
for 0-1 binary recommendation system, but can not be used in the recommendation system with score 
prediction function. For example, literature [26] draws the corresponding topological map based on 
the social relationship among users and mentions a specific subgraph segmentation method that can 
be separated by three degrees. Literature [27] is based on the existing user-item to build a scientific 
and perfect network interactive binary chart, and defined the relation of mutual interaction between 
user and item, also in the basis of nuclear research obtained corresponding classification 
recommended method, and this method need not consider the figure in the side of the weight value, 
only need to pay attention to figure the topology of the can. However, this method is difficult to 
recommend the outliers of the graph, so a cold start is bound to occur. 

(2) Link prediction method 

This method directly transforms the relatively complex recommendation problem into the edge link 
prediction problem involved in the graph. First of all, it is necessary to construct a scientific and 
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complete user-recommendation target network graph. In general, a series of algorithms such as 
random walks are used [28] to make scientific and accurate predictions on the edge links between 
users and items. When in the scoring prediction recommendation system, it is necessary to build a 
specific user trust network or a heterogeneous network closely connected to the user-item network. 
This method can regard the trust value of each user as the user trust the weight of the edge 
corresponding to the network. At the same time, the score given by the user around the item needs to 
be regarded as the edge weight corresponding to the user-item network. Relying on the user 
recommendation method, using a series of methods such as random walk, it can score the 
corresponding links between the user and the recommended candidate item, and make scientific and 
accurate predictions. Among them, the social relationship between users will be expressed as trust 
value, and then introduced into the link score prediction process, which can help deal with the data 
sparseness problem in the system. Among them, the most representative examples include the Trust 
Walker model [29], the hybrid collaborative filtering model [30] and the hybrid random walk model 
[31]. 

(3) Graph neural network method 

Graph neural network (GNNs) shows excellent ability in learning graph data, and it can combine 
node information with topology structure well. In social recommendation, data can be expressed as 
user-user social graph and user-item feedback graph. Therefore, Wenqi Fan et al. proposed GraphRec 
to use graph neural network to learn the latent factors of users and items [32]. The proposed model 
structure consists of three parts: user modelling, item modelling and scoring prediction. The first part 
is user modelling, which is used to learn the implicit factor vector of users. The first part is user 
modelling, which is used to understand the user's hidden factor vector. By introducing social 
aggregation and item aggregation to process the user-user social graph and user-project feedback 
graph respectively, and combine the information of the project space and the social space. Obtain the 
user's hidden factor. The second part is item modelling, introducing user aggregation and applying 
user opinions to item modelling to learn item implicit factors. The third part is the scoring prediction. 
The implicit user factor generated by user modelling is combined with the item implicit factor 
generated by item modelling and input into MLP for scoring prediction. Finally, RMSprop was used 
as the optimizer for training, and dropout was used to mitigate overfitting. Among them, in order to 
solve the problems of complex noise connection and high heterogeneity in social graphs, some 
scholars proposed the social recommendation based on the graph neural network embedding method 
of heterogeneous graph propagation [33]. The graph neural network deep influence propagation 
model can improve the recommendation performance by simulating the recursive social diffusion 
process [34]. The diffusion process requires a fusion of initial embedding of relevant features and a 
free user latent vector that captures potential behavioural preferences, which can also be used to 
recommend applications when user attributes or social network structures are not available. 

Among the recommendation models built on the basis of network topology graphs, the most effective 
method currently is the graph neural network method. Among them, the question of how to establish 
the network structure and the question of how to assign edge weights are still two key issues that must 
be dealt with. When in the scoring prediction push storage system, the social relationship information 
involved by the user needs to be closely connected to the existing user-item scoring network. This 
method can avoid the occurrence of data sparseness in the recommendation system as much as 
possible. However, the problem of cold start of the item will still occur. The results of the analysis 
and comparison of each graph model method are shown in Table 1. 
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Table 1. Comparison of graph model methods 

Recommended 
method 

Advantages Areas to be improved 

Recommendation 
method based on 
network graph 

Various types of complex network 
analysis algorithms can be used without 

a wealth of expertise 

There is still a certain sparsity and the 
corresponding problem of cold start, 
which must rely on a large amount of 
training data and has poor stability. 
The recommendation surface also 

needs to be further expanded 

Connection 
prediction method 

It allows the use of diversified 
classification algorithms, supervised 
learning algorithms, and a series of 
recommendation algorithms can be 

closely linked, which can effectively 
deal with the fundamental problem of 

data sparsity 

There are still some cold start 
problems, which must rely on a large 

amount of training data, and the 
recommendation effect is likely to be 

limited by historical data 

Graph neural 
network method 

The information from user and item's 
neighbourhood can be aggregated more 

effectively to learn user and item's 
information embedding and alleviate the 
problem of data sparsity in collaborative 

filtering 

There are problems of sparse user 
interaction and long item tail, so the 

degree variance of nodes in the graph 
will be particularly large, and 

neighbour sampling technology may 
be introduced 

3.2 Social recommendation model based on matrix decomposition 

In the current period, the matrix decomposition method (MF) system has been recommended to obtain 
a relatively wide range of practical applications, its existing users - item evaluation matrix can be 
divided into several numbers of detailed products of low dimension matrix, in order to achieve a 
pleasing effect of the dimensions of the code, so you can rely on some insufficient dimensional space 
data, delve into many characteristics of high-dimensional data. Among them, singular value 
decomposition (SVD) and probability matrix decomposition (PMF) are involved. Among them, in 
1999, scholar Seung [35] first mentioned the basic definition of non-negative matrix decomposition 
(NMF), and this innovation-rich matrix decomposition method has been applied in various fields. 

This method can divide the scoring matrix n mR  given by users for items into two non-negative 

matrices n kU  and k mV   with inconsistent real values. Then TR U V : 

 

1,1 1, 1,1 1,

, ,

,1 , ,1 ,

,
n m

k x k i

k k n k k m

u u v v

U u V v

u u v v

   
       
      

 
   

 
                      (3) 

 

In the above formula: min( , )k m n . The x  column vector xU  contained in matrix n kU  and the i  

column vector iV  contained in k mV   are multiplied by the value T
x iU V , which mainly represents the 

prediction score given by user x  around item i . In this case, xU  belongs to the potential feature 

vector of x . At the same time, iV  is a potential eigenvector of i . In order to obtain the prediction 

value with excellent accuracy, scientific and reasonable optimization evaluation must be carried out 
around the loss degree between the predicted value and the observed value, so as to construct the 
objective optimization function mentioned below: 
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2
,,

1
( )

2
T

x i x ix i
r U V                                (4) 

Depending on the function of the alternating gradient descent method, the optimal solutions n kU  and 

k mV   corresponding to the minimum objective function above can be obtained. The probability matrix 

decomposition is mainly studied in the direction of conditional probability optimization. 

(1) Socialization matrix decomposition 

In the social recommendation system studied in this paper, matrix decomposition mainly explores a 
series of social network information involved by users. Relative to the actual impact of some potential 
feature vectors, this information is introduced into the matrix optimization decomposition process, so 
as to collect relatively superior potential feature vectors [36]. Based on the inconsistent role played 
by the process information, literature [37] has divided the decomposition mode of socialization matrix 
into two categories: social regularization and weighted friend averaging, as shown in the following 
formula: 

In social regularization, the actual influence of social relationship information ,x yS  between users x  

and y relative to potential feature vectors is usually in the following ways:  

The first is social regularization [38] in the following way: 

 

2
,

1
( , )

2x
x y x yx y friends

S U U


                              (5) 

 

In the above formula, ,   mainly represents the inner product of each vector; 

Second, regularization of social spectrum [39] : 

 

2
,

1
|| ||

2x
x y x yx y friends

S U U


                               (6) 

 

In addition, when in the SoRec system [40], there are deformation methods corresponding to social 
spectrum regularization, which are detailed as follows:  

 

2
,

1
( ( , ))

2x
x y x yx y friends

S U U


                           (7) 

 

In the above formula: 1
1 ze

 
 , , ,( )x y x yS S . N NZ   mainly represents the relationship matrix 

constructed between each user, while T
x yU Z  can scientifically and accurately predict the strength of 

the internal relationship between each user.  

Under the weighted friend average method, the basic definition of social trust model (STE) was first 
mentioned in the literature [41]. In other words, average the predicted scores given by user x  around 
the item and the evaluation scores given by all friends around the item, and the function is as follows:  

 

2
, ,

1
( ( (1 ) ))

2 x

T T
x i x i x y y ix y friends
r U V T U V  


                         (8) 
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Literature [37] points out the following decomposition methods for the matrix as mentioned above 
decomposition technical problems: 

One is the regularization of characteristic society.  

Based on the existing social regularization method, the corresponding user gender characteristics can 
be added to improve, and the objective optimization function obtained is as follows: 

 

2
,

1
( )

2x

T T
x y x yx y friends

S x U U


                              (9) 

 

,

1
( ) ( )

2x

T T
x y x yx y friends

S x y U U x y


                         (10) 

 

The second is the mixed information fusion decomposition method. 

In this approach, mainly on the role of the linear support vector machine (SVM), collecting 

information fusion feature vector ,
F

x if R , after learning the weight vector Fw R  again, and then, 

the linear regression ,
T

x iw f  as the observation results, it and the superposition of the predicted results 

are got by the Matchbox numerical is the final prediction results obtained in this function is as follows:  

 

  2
, ,

1
( [ ] [ ] )

2
T T T

x i x i x ix
r w f x U V                           (11) 

 

The third is common preference regularization. 

The completely consistent selective preferences of all users are collected, so that users x  and z  can 
have completely consistent prediction results around A particular item, where the function is as 
follows:  

  2
, ,, ,

1
( ( ) )

2
T T

x y i x i yx y i
P x U diag V U                         (12) 

 

 (2) Factor learning model based on matrix decomposition 

Factor-based on the matrix decomposition of constructs in the model, mainly based on the user, item 

characteristic vector potential of the inner product T
x iU V , user x  around the item i  predicted scores 

given by the then factor parameter setting for the user, item involved the socialization of information, 
such as linear combination form, the two more closely with the characteristic vector potential, in this 
way, a scientific and perfect optimization learning model can be constructed. Based on the results of 
relevant studies [42-46], it can be seen that this model can effectively deal with the problem of data 
sparsity in the following form [43]: 

 

  ,ˆ T
x i x i x ir b b U V                                    (13) 

 

Here,   mainly represents the global bias parameter, while xb  represents the bias parameter of x . 

In addition, ib mainly represents the bias parameter corresponding to item i . Then the function looks 

like this: 
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2 2 2 2 2
, ,

( , )

ˆ( ) (|| || || || )x i x i x i x i
x i

r r U V b b                          (14) 

 

Later, researchers obtained a series of extended models based on this study [44-46]. For example, 
scholars Chen et al. [44,45] obtained a relatively sound matrix decomposition model based on features: 

 

( ) ( ) ( , )
,

( ) ( ) ( , )

ˆ
T

x i u i
x i c c c c c c

c C x c C i c C x i

r U V g  
  

   
    
   
                     (15) 

 

In the above formula:  ,   and  represent users, items and binary feature coefficients in turn, 

while g mainly represents binary bias, ( )C x  represents the actual category of x , and ( )x
c  mainly 

represents the weight coefficients corresponding to all categories of users. There are various 
improvement models around a series of application problems. Details are as follows:  

Based on the specific features of Twitter data, literature [46] comprehensively considers the 

horizontal factor iT of Tweet topic and many significant features, and obtains a matrix decomposition 

model based on features, which can be described as follows:  

 

, ( )

1
ˆ

j

j i

T
x i j j x U i

j T

r b U V d
Z 



 


 
    

 
                        (16) 

 

Literature [47] builds a scientific and perfect increasing forest model to obtain a series of activities 
carried out by users. By closely connecting users' social characteristics and social network relations, 
a relatively sound factor decomposition model can be obtained. In this way, various types of social 
network items can be recommended to users, as follows: 

 

( ) ( ) ( , )
. , ( , ) ,

( ) ( ) ( , ) 1

ˆ ( )

T
S

x i u i
x i c c c c c c s root s i x i

c C x c C i c C x i s

r U V g f x  
   

   
     
   
               (17) 

 

In addition, Ma et al. [48] obtained the corresponding asymmetric factor model based on the network 
diagram, as shown in the following formula: 

1
2

. ( )
ˆ (| ( ) | ) ( ) ( )T
x i i j x i x xi xt xi t xij N x
r V N x V b b c b t q t




                   (18) 

 

In the above formula: ( )N x  mainly represents the set of items favoured by x  in the social network; 
1
2

( )
| ( ) | jj N x
N x V



  mainly represents the virtual features of the user; x xic  mainly represents 

click rate bias parameter; ( ) ( )xt xi t xib t q t  mainly represents the influence factors generated by each 

time period relative to the recommendation results.  

In addition to the methods mentioned above, a large number of scholars have made full use of other 
information contained in social networks to mention relevant methods that can meet special 
requirements. For example, top-N recommendation based on nearest neighbour trust information [49] 
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and item recommendation based on user social trust ring [50]. The comparison results of the two 
matrix decomposition model methods are shown in Table 2. 
 

Table 2. Comparison of matrix decomposition model methods 

Recommended 
method 

Advantages Areas to be improved 

Social matrix 
decomposition 

There is no need to reserve a wealth of 
professional knowledge, which can 

effectively deal with the problem of data 
sparsity, and can also be based on the user's 

first recommendation results 

There is still the problem of cold 
start of the item, and the 

recommendation effect is poor 

Factor learning 
method based on 

matrix 
decomposition 

A series of sociological attributes involved in 
the user and the item are closely linked, 

which can effectively deal with the problem 
of data sparsity 

A large number of learning 
parameters are required, and the 

recommendation effect is likely to 
be limited by historical data 

 

3.3 Social recommendation model based on factorization machine 

The factorization machine model [51] is also a task-oriented model learning method. In 2010, scholar 
Rendle first mentioned this very innovative classification prediction method. In the case of sparse 
data, the prediction accuracy of this model is excellent, and its second-order 2d   is detailed as 
follows:  

0
1 1 1

ˆ( ) ,
n n n

i i i j i j
i i j i

r x x v v x x 
   

                              (19) 

In the above formula: ,   mainly represents the inner product , , ,: ,
k

i j i j i f j f
f

v v v v    between 

two k -order vectors; iv mainly represents the i  row involving k  elements in matrix V ; and 
*k N  mainly represents the factorization dimension. The model parameter   that must be 

learned is as follows:  

0 , ,n n kR R V R                                      (20) 

In the above formula, 0  mainly represents global bias, i  mainly represents the corresponding 

weight of the i  variable, and ,ˆi j  is responsible for simulating the interaction between the i  and 
j  variables. The model function is as follows:  

 
2

2 2
0 , ,

1 1 1

1
ˆ( )

2

n n n

i i i f i i f i
i i i

r x x v x v x 
  

  
        

                         (21) 

 
2 2

( , )

ˆ( ( ) )
x y

r x r 


 


                                    (22) 

 

Literature [52] regards users' emotional information as type variables and then codes with indicator 
variables to obtain model input feature vectors and scientifically and accurately predict movie scores. 
In literature [53], the age of users, the number of microblogs and keywords of tags are regarded as 
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type variables, which are closely connected with input feature vectors. Then the very classic Bayesian 
inference method is adopted to recommend a series of social network items based on time. However, 
literature [54] mainly simulates a series of potential interest characteristics of users in real-time based 
on the factorization machine model. It then makes scientific and accurate decision predictions for 
Twitter users.  

The advantage of the factor-factorization machine model is that the context information can be closely 
connected to the user-item relationship matrix, so as to obtain multidimensional input feature vectors 
in the model. In the factor model based on matrix decomposition, the above influence only appears 
in the link of determining model parameters but does not directly affect the extraction of a series of 
potential feature vectors involved in user items. However, it still has some shortcomings: the model 
must learn a large number of parameters, relatively complex.  

The analysis and comparison results of the three main recommendation models are shown in Table 3. 
 

Table 3. Comparison of recommended models 

Recommended model Core theory and algorithm Applicable recommendation type 

Recommendation model 
based on graph regularity 

Graph traversal, classification 
algorithm, random walk algorithm 

Various types of social network 
recommendations such as clubs and 

music recommendations 

Recommendation model 
based on matrix 

factorization 

Matrix decomposition, trust 
recommendation algorithm 

Recommendation application based 
on item rating prediction 

Recommendation model 
based on factorization 

machine 

Factorization, Bayesian inference, 
etc. 

Recommendation applications 
based on item score prediction, 
various types of social network 
recommendation applications 

4. Privacy protection in social recommendations 

In order to better capture and model users' behaviour habits and historical preferences, a social 
recommendation system needs to collect a large number of user and item attribute information as well 
as their interaction records. Therefore, a large number of user behaviour records and user private 
attribute information enable the recommendation model to master users' behaviour patterns. 
Inevitably, this has caused concerns about sensitive information and privacy. At present, how to mine 
data value for recommendation under the premise of ensuring user privacy has gradually become a 
research hotspot. 

As early as the recommendation algorithm was put forward, there have been researches on the 
recommendation system based on privacy protection. For example, the Netflix competition, as we are 
familiar with, brought researchers' enthusiasm for recommendation systems to a peak, but was later 
stopped because of the disclosure of users' privacy caused by the data set. The method of attack is 
also straightforward. Literature [55] mined part of users' sensitive information by associating released 
Netflix data set with IMDb data set. Therefore, how to protect users' privacy while providing 
recommendation services has become more and more critical. 

The main methods and models in the field of privacy protection in social recommendation include 
anonymity, differential privacy, localized differential privacy, homomorphic encryption algorithm 
and secure multi-party computing, etc. With the continuous development of privacy protection 
technology, in recent years, a combination of machine learning and federated learning methods has 
given birth to graph neural network recommendation model [56] and social recommendation based 
on federated collaborative filtering [57], and other privacy protection schemes. 
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5. Conclusion 

In this paper, a detailed research review is carried out on several types of social recommendation 
models, such as graph regularization, matrix decomposition and factorization machine, in order to 
help people deeply understand social recommendation and its actual development in the current 
period. At present, due to the mushrooming of social media, social media contains a large number of 
social attribute information corresponding to user items, which also makes scholars carry out in-depth 
researches on social recommendation in full bloom. At this time, introducing various types of social 
information into the traditional recommendation system, and then establishing a scientific and perfect 
social recommendation model has become the direction of researchers to study. At present, social 
recommendation system needs to be further explored in terms of security and large-scale data 
processing. In terms of privacy protection, the acquisition of the relevant social attribute information 
of users may lead to the disclosure of personal privacy. In combination with the federal learning 
model, how to effectively protect the personal privacy of users in the case of accurate, personalized 
recommendations needs to be further explored in the future. 
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