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Abstract — By studying the user's preferences, collaborative filtering recommendation algorithm has been widely used in e-
commerce. However, when this type of algorithm is applied to social networks, the traditional focus of evaluation and similarity 
calculation have changed, so there is low efficiency of the algorithm recommended, leading to social network users friends 
recommendation partial satisfaction low. To solve this problem, this paper introduced the concept of user similarity and attribute 
similarity in social networks. Moreover, an improved collaborative filtering recommendation algorithm was proposed, and the 
recommendation quality and customer satisfaction evaluation were gave in this paper. Experimental results showed that the 
improved algorithm could effectively improve the accuracy of recommendation in social networks; also, the efficiency and 
customer satisfaction were increased. 
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I. INTRODUCTION 

With the development of the Internet, data resources 
increase in a geometric order of magnitude. To solve the 
contradiction between the needs of users and the huge 
complex data, the personalized recommendation system 
came into being and was used widely [1]. By studying the 
user's preferences and interests, personalized 
recommendation technology recommended various resources 
for users, which was initially used in electronic commerce 
personalized service [2]. With the rise of social networks, 
personalized recommendation technology has been widely 
applied in social networks. In contrast to traditional content 
filtering based on direct analysis of the contents, 
collaborative filtering analyzes the user's interest, to find the 
target similar users. Collaborative filtering recommendation 
method scores different items taking these similar users, 
generating target users prediction according to the degree of 
preference for these items, in order to generate 
recommending lists [2]. 

Currently, the mainstream collaborative filtering 
algorithm is divided into two types: User-based collaborative 
filtering algorithm [1] and item-based collaborative filtering 
algorithm [3, 4]. According to the scoring matrix of users 
and items, the similarity of users is computed in user-based 
collaborative filtering algorithm, finding the target user's 
nearest neighbor set. Then, the set of nearest neighbor is 
weighted, resulting in the recommendation target user set. 
Such algorithms can be effectively used by other similar user 
feedback for user-generated recommendations. However, 
due to the very limited amount of information related to the 
user, the cold start problem is serious and it is difficult to 
find the similar set of users. In this case, only a small amount 
of data cannot produce accurate evaluation recommendation, 
greatly reducing the effectiveness of the system 
recommendation. The item-based collaborative filtering 
algorithm forecasts according to item ratings, to reduce the 

impact of the recommended quality of scoring matrix for 
sparsity and cold-start issues.  

Although collaborative filtering recommendation 
algorithm has a great advantage in information filtering, the 
inter algorithm which is applied in different fields also 
highlights some of the problems, with the rapid development 
of e-commerce and integration of social networks: (1) cold 
start problem; (2) sparsity; (3) initial evaluation. Social 
network contains the basic information of users, but also 
contains a large number of user interactions, interactive 
behavior information. How to effectively use these two kinds 
of information to generate recommendations for users has 
become an important issue of personalized recommendation 
research. 

In order to solve these problems, Ma et al [5] proposed 
two stage clustering recommendation algorithms by using 
the method of user clustering in the microblogging social 
network of weak ties. A recursive prediction algorithm is 
proposed in the [6], which allows the nearest neighbor users 
to add to the forecast process, even if they do not have a 
rating for a given item. Yang et al [7] proposed to use the 
implicit social network type interaction between users of data 
generated for users to recommend. Wang et al [8] predicted 
the new user behavior and the user behavior were divided 
into browse, click and mail. Tu et al [9] predicted social 
relationships among new users, using social relationships 
between the users who have been in the past.  

Recommendation systems based on search matching and 
user attributes have been widely used in social networks. But 
there are limits to this kind of recommendation system. 
Some users do not expect to get a lot of recommendations, 
some users just got a few recommended. Content based 
recommendation algorithm can be based on the user's 
category, tags and other information to ease the problem of 
cold start data. But often the recommendation accuracy is not 
high enough. In social networks, a relationship exists 
between the large user, and this relationship is divided into 
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explicit and implicit relations. The explicit relationship 
between users clearly refers to establish and confirm the 
relationship between users, and the implicit relationship is 
the relationship which has not been established. In the case 
of lack of explicit information, effective use of implicit 
information can improve the accuracy of the 
recommendation system. To a certain extent, these methods 
reduce the influence of matrix sparsity and cold start 
problems on the recommendation algorithm. But it does not 
solve the practical application of collaborative filtering 
recommendation algorithm in a social network 
fundamentally. 

User attributes and interaction information in social 
networks are still not fully utilized, and the efficiency and 
accuracy of recommendation are low. Existing 
recommendation algorithms are difficult to meet the needs of 
the increasingly complex social network. To solve this 
problem, this paper introduces the concept of user similarity. 
In this paper, an improved collaborative filtering 
recommendation algorithm is proposed, and the 
recommendation quality and user satisfaction evaluation 
method are given. 

II. DEFINITION AND DESCRIPTION OF USER SIMILARITY  

A. User attributes similarity and computation  

User attributes include user personal information and 
other optional items in social networks. Also in social 
networks, users need to fill in their ideal matching 
conditions, in order to get a better recommendation. User 
attributes are divided into 2 categories: (1) Numeric 
attributes (such as age, height, income, etc.); (2) Nominal 
attributes (such as size, education level, marital status, etc.). 
For numerical attributes, the absolute difference between the 
numerical attributes of different users is calculated 

by || || | |A Bd Attr Attr  . The minimum and maximum 
difference between the absolute differences of the different 

attributes is 1[ , ]n  . The average interval is divided into n-1 

equidistant 1 2 2 3 1{[ , ],[ , ] [ , ]; [0, ]}n n         . The 
absolute difference between the numeric attributes of the 
user falls within one of the cell. For each cell, a given 
numerical attribute distance {0, 1, 2... n−1, n} is given. 
According to different intervals, we can get the numerical 

attribute distance NumD  between users. For nominal 
attributes, we can determine the number of encoding n=1bN 
according to the value N. Different values were then Gray 
coded and in turn link up. We can compute Hamming 
distance between different users between Grays coding, and 

get the nominal attribute distance HD between different 
users. If the distance between the user A and B is defined to 
measure the attribute similarity between users; and the 

weight of each attribute is defined as i . All attribute 

weights are satisfied as 1
1

n

ii



 .   

1) For numeric attribute distance NumD , we can define 
different Interval as follows. 

If 1 2[ , ]   , then 0Numd  ; 

If 2 3[ , ]   , then 1Numd  ; 
…. 

If 1[ , ]n n   , then 1Numd n  . 
For numeric attributes, distance between users is 

calculated as: 

1

n

Num i ii
D d


   

Under normal circumstances, it is only divided into 3 
ranges. 

If 0 | | 5A BAttr Attr   , then 0Numd  ; 

If 5 | | 10A BAttr Attr   , then 1Numd  ; 

If | | 10A BAttr Attr  , then 2Numd  . 

2) For nominal attribute distance Numd , different values 
are encoded. 

Because the scope of the value of the nominal attribute is 
relatively single, binary encoding is took to represent. For 
example, the nominal attribute of body can be described as: 
thin, symmetrical, fat, and the corresponding binary 
encoding can be described as: 00, 01, and 11. Other 
attributes can be described as above. Eventually the user's 
full name of the attributes of encoding is connected up to 

form a binary string NomB . The binary string Hamming 

distance NomB  is taken to measure the distance between the 
users. The weight is the average value of the weight of the n 

nominal attribute

1

n

ii
Nom n


  

.  
Then 

( , )H Nom HM NomA NomBD D D D                      (1) 
3) We can get the information attribute distance between 

users A and B. 

A B Num HD D D                                           (2) 

That is 1

n

A B i i Nom HMi
D d D  

  . 

The smaller A BD   is, the greater the degree of similarity. 
For example, if A= {23,183cm, 0101000000}, B= 
{26,176cm, 1100010100}, the distance between the user A 

and user B is A BD  =1(0+1+4) =5. 

B. User interaction similarity and Computing  

There are a variety of user behaviors in social networks, 
such as user information browse, collecting the information 
and sending the information. In order to adapt to the special 
scene of social network, the algorithm focuses on the 
positive and successful interaction. Therefore, the interactive 
similarity can be defined as: If the sender S1 and S2 give the 
recipient R1 and R2 to send the message, then R1 and R2 is 
similar to the sender and the similarity is the same number of 
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recipients. Similarly, if the recipient R1 and R2 receive 
information sent by the sender S1 and S2, then the R1 and 
R2 are similar to the recipient and the similarity is the same 
number of recipients. Interactive similarity is defined as 
follows. 

Similar sender: 1 2 1 2: ( )
S

U U u U u U u     

Similar recipient: 1 2 1 2: ( )
R

U U u u U u U     

Here, 1 2U U  represent messages from 1U to 2U . 
1) Similar letters of senders:  
SimS=Num, that is the number of users which is sent 

from user U1 and U2 to the user u at the same time.  
2) Similar letters of senders of recipients: 
SimR=Num, that is the number of users which is sent 

from user U1 and U2 to the user u at the same time.  
3) User interaction similarity SI of user A and B: 
According to the information interaction between users, 

the sender and recipient of similarity, interactive similarity is 
computed as follows. 

I S RSim Sim Sim                                   (3) 

III. COLLABORATIVE FILTERING RECOMMENDATION 

ALGORITHM BASED ON USER SIMILARITY  

A. User similarity computing  

User information in social networks is composed of user 
attributes and user interaction (behavior) information. Under 
different application scenarios in social networks, the impact 
of user attributes similarity DA-B and user interaction 
similarity SimI on the overall similarity is different. The 

corresponding weight is different from the   value to   
value, which can be set according to the actual application. 
The two sub similarity is calculated by linear fitting, and the 
similarity SimA-B between users is calculated. If the value 
SimA-B is smaller, the degree of similarity between users is 
higher; If the value SimA-B is larger, the degree of similarity 
between users is lower. 

The similarity of A and B is as follows. 
1

A B A B
I

Sim D
Sim

   
                                         (4) 

That is. 

1

1
( )

n

A B i i Nom HMi
I

Sim d D
Sim

    
  

             (5) 

Here, the   value and   value are weights, 

and 1   .  

B. Collaborative filtering recommendation algorithm 
based on user similarity  

Based on the previous discussion, algorithm 1 gives the 
process of generating the recommended set for the target 
user. 

Algorithm 1 CF(U0, U, int N) 

Input: Target user U0, Alternative user set U, Generate a 
number of recommendations N. 

Begin 
1) Similarity computation 
① User attribute similarity computation; 
② User interaction similarity calculation; 
③ Total similarity. 
2) Generate recommendation set 
① Identifying candidate sets C, 
② Generate recommendation set R. 
Output: Target user U0 recommendation set C. 
End 
Based on the user similarity of the system filtering 

recommendation algorithm, we can calculate the similarity 
of users. The smaller the similarity value, the higher the 
degree of similarity between users. According to the order of 
user similarity descending, we can generate the 
recommendation candidate set. Then we can use the Top-N 
method to get the candidate set row in the top N of the user 
to recommend. 

C. Algorithm complexity analysis  

The complexity of the algorithm is the standard to 
measure the efficiency of the algorithm, which can be 
divided into time complexity and space complexity. With the 
development of science and technology, the effect of the 
storage space required by the algorithm is gradually 
weakened.  

Through the analysis of the above user similarity 
algorithm, the implementation process of the algorithm only 
needs to store user attribute information, exchange 
information and recommendation set information. With the 
increase of the user, the storage space increases linearly, and 
there is no change in the order of magnitude. In addition, the 
current hardware development makes a smaller cost to obtain 
a larger storage capacity. Therefore, the time complexity of 
the algorithm is the key to measure the efficiency of the 
algorithm. This paper focuses on the time complexity 
analysis of the algorithm. 

The time overhead of the algorithm is concentrated in the 

similarity calculation formula
1

1
( )

n

A B i i Nom HMi
I

Sim d D
Sim

    
  

. 
The time complexity of the algorithm is composed of two 
parts. If the user attribute has M numeric attributes and N 
nominal attributes, the user set quantity level is n. 

Algorithm execution total number of times is as follows. 
2

0( ) ( 1 6) ( 1 ) ( 2)f n M bN n M bN n N          (6) 
Here, M and N are constants. The time complexity of the 

algorithm is calculated as follows. 
2

2

( ) ( ) ( ) (1)

( ) ( )

T n T n T n T

T n O n

  

     (7) 
In this paper, the time complexity of the algorithm 

is
2( )O n . 
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IV. EXPERIMENTS  

A. Data sets collection  

First, we establish three data 

dictionary { , , }Num NomU U User , which represents numeric 
attribute, nominal attribute and user attribute. According to 
the former two elements, the attribute value dictionary is 
established for each subset: ①  numeric 

attributes 1 2
, , ,

i jNum Num Num NumV v v v 
; ② nominal attributes: 

1 2
, , ,

i jNom Nom Nom NomV v v v 
. Then, we can get the value of 

attributes 1 2{ , , , }i jUser V V V 
. 

Then, we need to get data sets of user interaction. Test 
data is real historical data of popular online social networks. 
The training set collects all the information about the past 
four weeks, and eliminates the interaction between the 
popular users. The interactive information collected by the 
test set is six days after the training set. The user in the test 
set is the active user in the training set, which interacts with 
other users during the training period. Finally, a training set 
containing 700000 interactives is generated. There are 
120000 interactives in the test set. There are about 60000 
senders and 110000 receivers in the raining set. There are 
about 25000 senders and 47000 receivers in the test set   

To construct the candidate set, we need to use the initial 
training set. Then, a subset of the training set is used to 
evaluate the quality of the recommendation algorithm. The 
selection of training set contains four weeks 130000000 
interactives. By selection of training set for 4 weeks, we find 
data quality in the fourth weeks is higher. Due to over time, 
the number of interactives between users will increase.  

Because the popular user response to other users is often 
negative, we eliminate the popular users in the test set in 
order to make the measurement more reasonable and 
effective. Here, it is defined in the past month to receive 
more than 50 interactives as the popular 

user 30: ( ) 30user Msg dPop R 
. The user behavior analysis 

results are obtained as shown in Figure 1. It is used as the 
source data of the measurement standard of the subsequent 
calculation. 
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Figure 1. The distribution of data sets. 

B. Experimental results and performance analysis  

In order to better evaluate the quality of the 
recommendation algorithm and user satisfaction, several 
measures were introduced: the recommendation accuracy, 
coverage, baseline success rate, success rate and recall rate. 

P is a training set for all user sets. We select a subset of 
the elements in the set P that may have a successful 
interaction. C is set to generate a candidate set of 
recommended. This implies a sender set S and two recipients 
of the set R and Q. R is set in the recipients who are likely to 
receive the sender set S to send the recipients. Q is in the 
testing phase, the actual receipt of a collection of user 
information in S to send the recipient set. M(C) is a 
collection of interaction in the test period. The nm(C, +) is 
the interactive set M(C) in the number of successful 
interaction. The n(S) is the number of users in the S 
collection. The n(S, R) is the number of users by the S and R 
in the user interaction. The ns(S, R, +) is the number of 
successful interactions between S and R. The same ns(S, Q, 
+) is the number of successful interactions between S and Q. 
Here, the + Indicates a positive, successful interactive. 

1) Accuracy 
( , )

( )

nm C
P

nm C




                                                           (8) 
The accuracy of recommendation is the proportion of the 

number of positive and successful interactions that are 
generated. The C, + indicates positive, successful interaction. 
The C represents all interactions. 

2) Coverage rate 
( )

( )

n M
Cov

n N


                                                             (9) 
Here, the N is a collection of users. The n(N) is the 

number of users. Set M is a collection of recommended users 
in the user N. The n(M) is a collection of users in the user N 
to receive the number of recommended users. 

3) Baseline success rate 
( , , )

( , )
( , )

ns S Q
BSR S Q

n S Q




                                         (10) 
During the test period of the actual interaction, it is a 

proportion which is the number of positive and successful 
interactive users sent accounts for the total number of 
interactive.  

4) Success rate 
( , )

( )

nm C
SR

nm C




                                                     (11) 
Success ratio is the proportion of the total number of 

interactions between the candidate set and the number of 
successful interactions. 

5) Recall rate 
( , )

( , , )

nm C
Rc

nm S Q




                                                (12) 
The recall rate is a positive and successful interaction 

between the candidate and the number of the number of 
interactive information in the test period. In the experiment, 
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the similarity calculation for two weights α and β are to be 
met α+β=1. According to the actual test data and the least 
square fitting method of linear programming, we have to 
adjust the value of the alpha and beta to get the best results. 
According to the combination of different values for the 
three groups {α=0.4, β=0.6; α=0.5, β=0.5; α=0.6, β=0.4}, 
and considering all user interaction information, the 
performance of three algorithms BSR in different alpha and 
beta values is obtained in Figure 2. 
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(a) α=0.4, β=0.6 
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(b) α=0.5, β=0.5 
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(c) α=0.6, β=0.4 

Figure 2. The baseline success rate with different α and β. 

By comparison of the baseline success rate (BSR) curves 
of the three algorithms in Figure 2, we can find that BSR 
increases with the increase of alpha; when α>0.6, compared 
to α=0.5, BSR appears downward trend. Through several 
experiments, it is found that the algorithm has better 

recommendation effect, and has a higher baseline success 
rate and coverage rate for α=0.57 and β=0.43.  

Figure 3 and figure 4 show the results of the 
experimental data in α=0.57 and β=0.43, respectively, when 
considering all the interaction and only consider the case of 
positive interaction. 
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Figure 3. The baseline success rate with all interactives. 

1) Considering all the interaction between users, 
including the positive, negative, successful interaction, in 
this case, the baseline success rate of the three algorithms is 
shown in Figure 3. 

In Figure 3, the BSR curves of the three algorithms show 
that the baseline success rate of collaborative filtering 
recommendation algorithm based on user similarity is 
significantly higher than the other two algorithms 
considering the user's interaction. 

2) In all interactions, excluding negative among users, 
interactive unsuccessful, only consider positive, successful 
interaction between users, in this case, the success rate of 
three algorithms baseline comparison is shown in Figure 4. 

1 2 3 4 5 6 7
0

0.5

1

1.5

2

2.5

N

T
he

 b
as

el
in

e 
su

cc
es

s 
ra

te
 o

f 
to

p-
N

 

 
CF I-Based A&I-Based

 

Figure 4. The baseline success rate with positive interactives. 

Figure 4 shows that only considering the positive and 
successful interaction, based on the user similarity of 
collaborative filtering recommendation algorithm BSR is 
also better than the other two algorithms. The experiment 
shows that the baseline success rate of the A&I-Based 
recommendation algorithm is better than the other two 
algorithms in the case of considering all the interaction or 
only considering the positive interaction. 

For a more comprehensive measure based on the user 
similarity of the system filtering recommendation algorithm 
recommendation quality, figure 4 shows the baseline success 
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rate of the four algorithms’ success rate, recall rate, 
coverage. 

Figure 5 presents a collaborative recommendation 
algorithm and recommendation algorithm based on user 
interaction information, based on the measurement of user 
information and interactive information recommendation 
algorithm. In the baseline success rate, success rate, recall 
rate, coverage of four metrics, A&I-Based recommendation 
algorithm success rate, recommended quality, and coverage 
are better than the other two algorithms.  
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Figure 5. Recommended qualities. 

 
In the case of additional storage space without adding the 

algorithm, the experimental results show that the accuracy of 
the recommendation algorithm based on user attributes and 
interaction information, the baseline success rate and the 
coverage rate are all superior to the recommendation 
methods based on the full interaction. The experiments also 
show that the Top-N ranking algorithm based on user's 
similarity has better recommendation quality in social 
networking sites. 

V. CONCLUSION 

A collaborative filtering recommendation algorithm 
based on user attributes and user interaction information is 
proposed in this paper, which is based on the definition of 
user similarity and computing method. And it is applied to 
the intelligent recommendation process in social networks. 
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