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ABSTRACT 

 
Collaborative filtering based recommendation methods focus on user-item information for modeling the 
user interest. However, in social networks the user interest is influenced by other user interests in the local 
social circle of the active user. In this paper, considering the homophily of relation to similar interests and 
similar friends, we propose a social item recommendation framework (SocItemRec). Our framework 
combines both global interest from the user-item information and local interest from social relation 
information for recommendations. We evaluate our framework on real world data from Sina Weibo, one of 
the most popular social network sites in China. The experimental results demonstrate that our framework 
leads to improved performance of top-k item recommendation. 
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1. INTRODUCTION  
 

Social networks have changed the way by which 
we create, share and find content in the last decade 
of this century. Facebook, Twitter, Sina Weibo, 
Google+ – the number of social network sites 
available for individuals to create content seems 
infinite. The amount of information is increasing so 
quickly that users can’t handle the information 
overload without the support of recommendation 
services in social networks. 

One of the most promising technologies that 
address the information overload issue is 
collaborative filtering (CF). CF techniques have 
been successful in information filtering applications 
such as Amazon [1], Netflix [2]. CF based 
recommendation methods build on the intuition that 
if users u and u’ have historically had similar 
interests on some items, they are likely to be 
interested in other items similarly. CF techniques 
exploit historical records of user-item data for 
future prediction. However, CF techniques could 
fail in the context of social networks [3], where 
user interests have high correlation between the 
active user and his or her friends with similar 
interests.  

In social networks people with similar interest 
tend to connect to each other; moreover, people of 
similar interest are more likely to be friends. This 
social phenomenon of homophily [4, 5] along with 
the intuition of CF provides us a foundation to 
combine both user social features (e.g. user social 
relations) and user-item information (e.g. user like-
dislike items, user click-through information [6]) 

for improving the quality of recommendation in the 
context of social networks. 

In this paper, we focus on improving the 
performance of recommendation in social networks 
by introducing a recommendation framework 
SocItemRec, which characterizes both the global 
interest and local interest in social networks. In 
particular, we take use-item click information and 
user-user social relationship information for 
investigation.  

Firstly, we use traditional CF techniques to 
model the global interest from use-item 
information. Second, we model the strength of 
social relationship by common friends between 
users in social networks. And then we model the 
local interest which characterizes interest influences 
in the local social circles of the active users. 
Finally, we combine the global interest and local 
interest for top-k item recommendation in social 
networks. Experiments are conducted on a real 
dataset collected from Sina Weibo, and results 
show that our framework outperforms the CF-based 
method for top-k item recommendation. 

The rest of paper is organized as follows. Section 
2 gives an overview of related work. In Section 3 
we introduce the proposed framework. Section 4 
describes the experiments. We make the conclusion 
in Section 5.  

2. RELATED WORK 
 

Collaborative filtering [7-9] techniques make 
predictions about the interests of active users with 
the assumption that those users, who had similar 
interests on some items, are likely to be interested 
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in other items similarly. CF techniques exploiting 
historical records of user-item data for future 
prediction are based on neighborhood based [2] or 
latent variable based [10, 11] methods.  

In neighborhood based CF methods, such as 
Tapestry [7], GroupLens [8] and Amazon [1], the 
recommendation for an item is computed as the 
weighted average of ratings given by a group of 
people called neighbors with similar interests to the 
active user. It relies on a few significant 
neighborhood relations, often ignoring the vast 
majority of ratings by a user.  

In contrast to neighborhood based methods, 
which use the stored ratings directly in the 
prediction, latent variable based approaches use 
these ratings to learn a probabilistic latent model. 
Latent variable models such as Latent Semantic 
Models [10] and Latent Dirichlet Allocation [12] 
for CF uncover latent causes that explain observed 
ratings. However, the traditional CF techniques 
have limitations in the context of social 
recommendation [3, 13], for not effectively 
modeling the user interests and social relationship 
simultaneously for recommendation in social 
networks. 

Another direction of related research has focused 
on social filtering [14-16], which utilizes user 
relationships by applying Random Walks [17] in 
social networks to obtain recommendations. 
Yildirim et al. [18] proposed a novel 
recommendation algorithm which performs 
Random Walks on a bipartite graph to represent the 
similarity between items. Craswell and Szummer 
[6] built two random walk processes to propagate 
query similarity along the clickthrough data graph 
and obtained a good performance of item 
recommendation. Deng et al. [19] proposed a 
generalized Co-HITS algorithm based on bipartite 
graph for recommendation.   

3. OUR FRAMWORK 
 

In this section, we propose a framework for top-k 
item recommendation (SocItemRec), which 
characterizes both the global interest of the active 
user from user-item information and the local 
interest throughout his or her local social circle.   

 
Figure 1: The framework of SocItemRec 

As shown in Figure 1, SocItemRec has three 
components as follows. 
 global interest modeling 
 local interest modeling 
 combing global and local interest 
We describe the functionalities of each 

component in details in the following three 
subsections. 

3.1 Global interest modeling  
We firstly model the global interest of active 

users using the user-item click logs. Let us 
introduce a click indicator {0,1}kclick ∈ , such that 

1kclick =  if the kth item is clicked by the user u, 
otherwise, 0kclick = . Then the user interest can be 
modeled by the user-item click logs with a form of 
like(u) = [0 1 0 … 1 0 1]T. 

According to the Jaccard similarity coefficient 
[1], the similarity between items i and j is given by 

U U
( , )

U U
i j

i j

sim i j =



                    (1) 

where U i denotes the set of users who click item i 
and U j denotes the set of users who click item j. 
The similarity matrix ( )n n

( , )sim i j
×

=Similarity  is 
introduced to denote the similarity between all 
items to all items. 

User interest can be computed from the matrix 
Similarity, which contains implicit user interest 
data and the vector like, which indicates the items 
the user clicked. The user global interest is 
calculated by 

( ) ( )global u u= ×Simil larity ikeI          (2) 
The global interest modeling method is a CF-

based user interest computation method. In addition, 
it provides a baseline for top-k recommendation if 
there is no social information available for active 
users in social networks. 
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3.2 Local interest modeling 
Social networks allow users to maintain a list of 

followees, and they can communicate with each 
other through social relationships. In this case, user 
interest propagates in the local social circle of the 
active users. Inspired by this intuition, we use the 
social action data to model the strength of social 
relationships and we build a weighted social 
network based on the scores of the pairwise social 
relationship between the active user and his 
followees. 

To compute the pair-wise strength of followship 
between user u and his followee u’, we use a partial 
strength method as follow. 

( ) ', '
1u u

u

F
strength u

F
u

F
=

+
              (3) 

where uF denotes the set of followees of the active 
user u , and 'u uF F  denotes the number of 
common followees of u and u’. 

And we normalize the strength of followship as 

( ) ( )'1' | ,p u u strength u u=
Z

               (4) 

where Z  is a normalization factor, 

( )' ( )
, '

u Followee u
strength u u

∈
= ∑Z , and ( )' |p u u  

yields ( )( )'
' | 1

u Followee u
p u u

∈
=∑ . 

Inspired by the homophily [2, 3] of social 
networks, the conditional probability of u’ given u 
above can be interpreted as the interest propagation 
from followee u’ to active user u, where the 
direction of interest propagation is from followees 
to the active user. This measure gives us a chance 
to investigate the interest propagation throughout 
the local social networks. 

The interest of the active user is influenced by 
the interest propagation from his followees and 
followees of followees in his social circles. And 
different strength of social relationship between 
active user and the followees plays a different role. 
In order to compute the influence of interest 
propagating in the local followship networks, the 
local interest propagation of active user u is 
calculated by 

( ) ( ) ( )1

d ilocal
i

u u
=

= ∑I I                  (5) 
where 

( ) ( ) ( ) ( )( )
1

'
' ',

u Followee u
u u w u u

∈
= ∑I I

 
( ) ( ) ( ) ( )( )''
2

'
'' '',

u Followee u
u u w u u

∈
= ∑I I

 
  

( ) ( ) ( ) ( )( )( ) ( 1)
( ) ( ),d d

d d d
u Followee u

u u w u u−∈
= ∑ I I

 

and 
( )( ) ( 1) ( ), min( ( , '),..., ( , ))d d dw u u w u u w u u−=     (6) 

where (0)u u= , ( ) ( )', ' |w u u p u u=  in Eq. (4), d is 
the maximum depth for searching the social graph.

 The local interest propagation models all the 
influences between the active user and the 
followees within the depth d in his local followship 
network. This guarantees the high quality estimates 
of the user local interest in social recommendation 
scenarios. 

3.3 Combing global and local interest 
To consider both the global interest generated 

from user-item data and local interest from the 
influents of user local social networks, we combine 
the user interest as follows. 

( ) ( ) ( )global localu u u= +I I I               (7) 
Based on the scores obtained by Eq. (7), we sort 

the user interest in a descending manner, and then 
we recommend a top-k item list that active users 
like most. 

The idea of SocItemRec is to integrate both 
interests and followship networks to connect a user 
to both items of potential interest and other users 
with similar interests. SocItemRec provides a single 
unified framework to encode both user global 
interest information and local interest information 
influenced by his or her local social circles in social 
networks. 

4. EXPERIMENTS 
 

In this section, we evaluate our method on Sina 
Weibo and report our experimental results of the 
performance for top-k recommendations. 

4.1 Dataset 
Sina Weibo is one of the most popular SNS in 

China, which has more than 300 million registered 
users. Like Twitter and Facebook, it contains rich 
user interest data and social features for mining and 
analysis. Moreover, it provides mechanism for 
researchers and developers to access the public data 
of the platform. We collect a subset of features (e.g. 
followees, recommended items, items clicked by 
active users) from the public data on Sina Weibo. 
We start with a small seed set of 5 random users, 
and expand the user base according to their 
followee lists in a breadth-first manner. We stop 
searching at the depth of 6 according to Six degrees 
of separation. 

The dataset has 108 items, 12,156 users, 98,093 
followship links, 175,431 recommended items and 
26,357 item click interactions. The user-item data is 
very sparse, with the sparsity level of 0.9799. In 
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contrast, the followship network is relatively dense 
as each user has 8 followees on average, and the 
users are high correlated with their followees. The 
sparsity [4] is calculated by 

# nonzero elementssparsity=1
# total elements

−              (8) 

To evaluate the performance of the top-k 
recommendations, we divide the dataset by 80% 
dataset used as training set and 20% test set. We 
conduct our experiments on the training set, and 
evaluate the performance of top-k recommendation 
on the test set. 

4.2 Experimental settings 
In our experiments, we use four evaluation 

metrics, which are recall-at-k (recall@k), precision-
at-k (precision@k), F1-at-k (F1@k) and average-
precision-at-k (AP@k), to evaluate the performance 
of top-k recommendation methods [20]. 

Let n be the number of active user, hits(u) be the 
number of items clicked by the active user u in the 
top-k recommended items and ntest(u) be the number 
of items clicked by u in the test set, the recall@k, 
precision@k and F1@k are computed respectively 
by 

( )1@ @
u

k r u k
n

= ∑recall                 (9) 

( ) ( )
( )

where @ test

hits u
r u k

n u
= ; 

( )1@ @  
u

k p u k
n

= ∑precision           (10) 

( ) ( )
where @

hits u
p u k

k
= ; 

( )1@ @
u

k u k
n

= ∑F1 F1                (11) 

( ) ( ) ( )
( ) ( )

@ @
where @ 2

@ @
r u k p u k

u k
r u k p u k

×
= ×

+
F1 . 

For the proposed method that recommends a top-
k ranked list of items, we care much more about the 
accuracy of the top m ranked items and we prefer to 
the algorithms that detect more hits earlier on. 
Inspired by this expectation, we use the evaluation 
metric AP@k, which is computed by 

( ) ( )

( ) ( )1

1@ @ ,  @

@ @

u

k

m

k u k u k
n

p u m r u m
=

=

= ×∆

∑

∑

AP AP AP
    (13) 

where n is the number of active user and 
( )@r u m∆  is the change in the recall from items 

m-1 to m. 

We compare the following methods for top-k 
item recommendation in social networks. 
 Baseline: a traditional CF recommendation 

method for item recommendation. In 
particular, we use the item-based CF 
recommendation method [21] as the 
baseline for comparison. 

 SocItemRec-d: our framework combing 
both the global interest and local interest for 
top-k item recommendation in social 
networks, and d is the searching depth, 
which is determined in the experiments. 

4.3 Experimental results 
The performance of different version of our 

method and comparison baseline method for top-k 
item recommendation in social networks is shown 
in Table 1 and Table 2. The results show that 
SocItemRec-3 outperforms the baseline method and 
the other two version of SocItemRec in terms of 
average F1 and AP. 

 
(a) F1@k 

 
(b) AP@k 

    
(c) Average F1 and AP 

Figure 2: Performance Of Different Recommendation 
Methods 
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The baseline method [21] ignores the impact of 
interest propagation in the local social circles of the 
active user, thus the performance of the baseline 
method is relative low comparing with SocItemRec 
in Figure 2 (c). By taking user local interest into 
account, SocItemRec improves the performance in 
terms of average F1 and AP. 

As shown in Table 1, Table 2 and Figure 2, we 
see that different settings of d have different 
impacts on the performance of SocItemRec. Small 
values for d tend to overly reward the influences of 
close followees, while ignore the influences of 
remote ones. Hence, SocItemRec-3 obtains the best 
performance and the parameter d determines the 
performance of SocItemRec. 

In top-k item recommendation scenarios, the 
number of items for recommendation is also an 
important factor for evaluations. We vary k from 5 
to 15 to evaluate the sensitivity of performance. 
The results in Figure 2 (a) and (b) show that when k 
increases, the performance in terms of F1@k and 
AP@k increases. The reason is that more items for 
recommendation, more potential items are clicked 
by users, higher scores of F1@k and AP@k obtain. 

 
Table 1: Performance In Terms Of F1@K 

k 
F1@k 

Baseline d = 1 d = 2 d = 3 

5 0.1390 0.2006 0.2113 0.2208 

6 0.1809 0.2142 0.2243 0.2324 

7 0.1852 0.2326 0.2421 0.2553 

8 0.2154 0.2380 0.2471 0.2582 

9 0.2134 0.2585 0.2853 0.2766 

10 0.2283 0.2849 0.3097 0.3014 

11 0.2219 0.2750 0.2980 0.3022 

12 0.2170 0.2892 0.2968 0.3006 

13 0.2377 0.3059 0.3132 0.3166 

14 0.2480 0.3137 0.3207 0.3238 

15 0.2438 0.3138 0.3205 0.3233 

Average 0.2119 0.2660 0.2790 0.2828 

 
Table 2: Performance In Terms Of AP@K 

k 
AP@k 

Baseline d = 1 d = 2 d = 3 

5 0.0827 0.1141 0.1187 0.1278 

6 0.1025 0.1258 0.1304 0.1395 

7 0.1097 0.1442 0.1487 0.1611 

8 0.1271 0.1507 0.1562 0.1676 

9 0.1299 0.1625 0.1781 0.1794 

10 0.1412 0.1782 0.1938 0.1951 

11 0.1426 0.1800 0.1956 0.2051 

12 0.1441 0.1919 0.1999 0.2095 

13 0.1601 0.2060 0.2141 0.2236 

14 0.1646 0.2149 0.2229 0.2325 

15 0.1657 0.2212 0.2292 0.2387 

Average 0.1337 0.1718 0.1807 0.1891 

 

5. CONCLUSION 
 

In this paper, we study the top-k item 
recommendation in a real scenario on Sina Weibo. 
Considering the homophily of relation to similar 
attributes (interests) and similar nodes (friends), we 
propose an social item recommendation framework 
(SocItemRec), which incorporates the social 
relation features into the recommendation method. 
Our framework combines the user global interest 
and local interest influenced by similar friends in 
social networks, improving the performance of top-
k item recommendation.  We conduct the 
experiments to compare different versions of our 
methods based on SocItemRec with the CF-based 
method. The experimental results demonstrate that 
SocItemRec outperforms the CF-based method. 
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