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Abstract. Although recommender system has been studied for many years, the 
research of social recommender system is just beginning. Plenty of information 
can be used in social networks to improve the performance of recommender 
system. However, some information is very sparse when used as features. We 
call this feature sparsity problem. In this paper, we aimed at solving feature 
sparsity problem. A new strategy was proposed to expand user features by social 
relationships. Experiments on two real world datasets demonstrated that our 
method can significantly improve the recommendation performance. 
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1 Introduction 

With the rapid development of the Internet, social networking services such as Twitter, 
Facebook, Last.fm and Tencent Weibo become more and more popular, even become an 
important part of many people’s daily life. There are thousands of new users joining in 
these social networks and huge amount of information being generated from there. For 
example, there are more than 200 million registered users currently and 40 million mes-
sages being generated each day on Tencent Weibo [1]. People make friends, get infor-
mation, and express their views on social network day and night. While benefiting us a 
lot, it also wastes us too much time to search useful information from massive informa-
tion. So how to choose good information sources is very important for users in social 
networks. In different social networks, information sources are different, such as users in 
microblog, artists in music online system and sellers in e-commerce website. There are 
many ways to choose information sources, like getting from friend’s recommendation or 
using search engine. But getting from friend’s recommendation is inefficient and some-
times it is hard to express the requirements by a few keywords for many users when using 
search engine in social networks. Therefore, to deal with the problem of choosing in-
formation sources efficiently, it is important to develop effective social recommender 
system to help users easily find the potential items they want to follow. 

Social recommender system is the kind of recommender system whose target do-
main is social media. Although all kinds of recommender systems’ common goal is 
modeling the relation between users and items, social recommender system has much 
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more social information to use than traditional recommender system such as 
e-commerce recommender system and music recommender system. Social information 
includes social relationships, user’s profile, user’s social action and so on. How to take 
advantage of these information to improve the performance of social recommender 
system is both a good way and a big challenge. In this paper, we concentrate on ex-
ploring the methods of combining social relationships into recommendation algorithm 
to improve the performance of social recommender system. 

The rest of this paper is organized as follows. Section 2 will introduce the back-
ground and related works of our research. Section 3 will discuss the methods of mod-
eling social relationships with recommendation algorithm. In section 4，we will 
present our experiments and results on two real world datasets. Then we will make our 
conclusion in section 5. 

2 Related Work 

We will review the related works of social recommender system from two aspects: the 
popular methods of recommender system and the research of social recommendation. 

The goal of recommender system is suggesting users with items which may fit the 
users’ tastes. Recommendation methods can be classified into the following three 
categories: content-based, collaborative filtering (CF), and hybrid recommendation 
approaches [2]. Recently, as one of the most successful methods, CF has been widely 
used in business and deeply studied in academia. CF is a kind of algorithm whose 
fundamental assumption is that if user A and user B rate k items similarly, they share 
similar tastes, and hence will rate other items similarly. Approaches differ in how they 
define a “rating”, how they define k, and how they define “similarly” [3]. One of the 
major factors which limit the performance of CF is data sparsity. In real commercial 
recommender system, the data density is often lower than 1% [4]. To deal with the data 
sparsity challenge, many algorithms of CF have been proposed by recent years, such as 
Singular Value Decomposition (SVD) [5] and SVD++ [6]. SVD is a method of matrix 
factorization which can reduce the dimension of rating matrix. As a result, it represents 
the original rating matrix information by several latent factors with lower dimension 
and higher data density. However, this is at the cost of information loss. SVD++ is an 
extension of SVD, which can handle external information of rating matrix to improve 
the performance. 

Social recommendation aims at forming a recommender system by using recom-
mendation methods with information from social networks such as user profile, user 
action, and social relationships [7]. User recommendation in social networks has be-
come one of the hottest topics [8]. The task of KDD Cup 2012 Track1 is to develop 
such a system aiming at recommending items (celebrities) which could be persons, 
organizations, or groups in Tencent Weibo. In [9-11], researchers have tried to improve 
the recommender system’s performance by sufficiently making use of social informa-
tion, such as the items user followed in the past, user age and gender, user’s click rate 
and so on. For another task, artist recommendation in Last.fm online music system, 
[12] proposes a novel hierarchical Bayesian model which jointly incorporates topic 
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modeling and probabilistic matrix factorization of social networks. However, in the 
above situations, researchers have not taken full use of one important kind of infor-
mation in social networks, the social relationships among users. In our paper, we will 
present how to utilize social relationships to expand user features to improve the per-
formance of social recommender system. 

3 Methods 

3.1 Latent Factor Model 

Recently, latent factor models have been widely used in rating prediction problem. The 
main idea of latent factor model is to predict a rating ,u ir by the dot product of a user 
latent factor

u
p and an item latent factor

i
q which can be learned from history rating 

matrix. Singular Value Decomposition (SVD) is one of the most popular latent factor 
models. The basic SVD model with user bias, item bias and global bias can be de-
scribed in the following equation: 

 ,
T

u i u i u i gr p q b b b= ⋅ + + +  (1) 

Here
g

b is the global bias,
u

b is the user bias, 
i

b is the item bias,
u

p is the user latent 

factor and
i

q is the item latent factor. Instead of L2 loss function, we choose pairwise 

loss function in this work. So the above parameters can be trained by minimizing the 
following cost function: 
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Here D is the set all , ,u k h〈 〉 pairs in training set, k is item u gives positive review and h
is item u gives negative review. In the equation, the first term is used to learn the best 
parameters, the other terms are regularizations with constants to avoid overfitting. 

Stochastic Gradient Descent algorithm (SGD) [5] is an efficient and popular strategy 
to solve the above optimization problem. The main idea of SGD is to minimize the error 
by taking a small step on parameters along the direction of gradient descent in each 
loop. SGD uses the following update rules to learn the model parameters: 

 1( )u u ui u up p e p pη λ← + −  (3) 

 2( )i i ui i iq q e q qη λ← + −  (4) 

 3( )u u ui u ub b e b bη λ← + −  (5) 

 4( )i i ui i ib b e b bη λ← + −  (6) 

 5( )g g ui g gb b e b bη λ← + −  (7) 

Here uie is the prediction error andη is the learning rate. 
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3.2 Incorporate Implicit Feedback Information as Features 

The basic SVD model is good at handling simple dataset which only includes rating 
matrix information. However, the datasets are usually much more complicated for 
building recommender system in the real world. For example, in a movie recommender 
system, except for the rating matrix information, there are many other kinds of infor-
mation which may include movie tags, movie category, user profile, user social net-
work and so on. These information can be called implicit feedback information [5]. 
How to utilize these diverse implicit feedback information is beyond the ability of 
SVD, while SVD++ can do it well by modeling them as latent features. The only thing 
has to be done is extending the SVD equation to the following form: 

 ,
( )

( )T
u i u j j i u i g

j N u

r p y q b b bα
∈

= + ⋅ + + +∑  (8) 

The adding sum term represents the perspective of implicit feedback. ( )N u can be 
user’s neighbors, tags or other implicit feedbacks.  is the latent factor and jα is its 
weight. 

3.3 Expand Features with Social Relationships 

Social relationships are not usually used in the same way as other information such as 
tags and profiles which are used via a factorization process, while social relationships 
are used via a regularization process [13]. Using social relationships as factorization 
has been proved to be effective, but to my best knowledge this has just been used in the 
basic SVD model and the social network is not sufficient enough. This is probably 
because in SVD++ model or in big social network there are too many latent factor 
parameters to learn with social regularization. So how to use social relationships of big 
social network in SVD++ model is a still a big challenge. 

We find that it is easy to add features in SVD++ model, while it is hard to model 
social relationships as features directly. Therefore we need to find a compromise way. 
The main idea is that we can expand some user features by using social relationships. 
From the social network, we can get user u ’s friends set ( )F u . For each friend i in

( )F u , we can get the same kind of feature iz as u ’s feature and iβ is its weight. We call 

the friends’ features as expanding features. The equation of user latent factor in SVD++ 
with the expanding features can be described as following: 

 
( ) ( )

T
u u j j i i

j N u i F u

p p y zα β
∈ ∈

← + +∑ ∑  (9) 

For example, in the friend recommendation problem of social media, some user 
information such as user’s tags, keywords and history following records are very sparse 
which will lead to the features being ineffective. Using social relationships can deal 
with the feature sparsity problem to some extent. We can use friends’ tags, keywords 
and history following records as a kind of expanding features. 
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4 Experiments 

4.1 Data Description 

We conducted our experiments on two real world datasets. The first one is a subset of 
dataset of Track 1 in KDD Cup 2012 [1] provided by Tecent Weibo which is one of the 
two biggest microblog platforms in China. The dataset is a snapshot of Tencent Weibo 
of five days. We used the first three days records as training set and next two days 
records as testing set. Except training set and testing set, there are lots of other infor-
mation including user profile, keywords, item categories, social action and social 
graph. This is a friend recommendation problem. The items in the dataset are a small 
group of specific users which can be celebrities, famous organizations or some 
well-known groups. Another dataset is hetrec2011-lastfm-2k [14] obtained from 
Last.fm online music system. There are listening histories, tagging histories and friend 
relationships in the dataset. The items in the dataset are artists. So this is an artist 
recommendation problem. We prepared training set and testing set by dividing listen-
ing histories into 9 to 1. Because there are only positive records, we produced 20 neg-
ative records by randomly selecting 20 artists whom have not been listened to for each 
positive record. Table 1 shows the statistical properties of the datasets. 

Table 1. Statistical properties of the datasets 

Element Size (Tencent Weibo) Size (Last.fm) 

Training set 7,105,220 1,554,819 

Testing set 4,265,397 392,910 

Users 266,615 1892 

Items 6,095 17,632 

Edges of social group 50,655,143 25,434 

4.2 Evaluation Metrics 

We used the MAP@n (Mean Average Precision of Top N) and recall@n for two da-
tasets respectively as our evaluation metrics which are the same as the metric used in 
the competition and other researchers. The metric is defined as: 

 
1
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 @
number of items the user likes in Top n recommendations

recall n
total number of items the user likes

=  (12) 
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where ( )P k is the precision at cut-off k in the recommender item list, m is the number of 

items clicked by the user and N is the number of users. 

4.3 Experiment Description 

For Tencent Weibo dataset, we conducted our experiments on four user features: follow 
histories, tags, keywords and actions. Follow histories refer to items one user has 
followed. Tags are a few keywords from user’s profile added by himself or herself. The 
number of tags is less than ten and usually three to eight. Keywords are selected from 
user’s tweets whose number is more than that of tags and usually twenty to fifty. Ac-
tions mean the number of comments, at, retweets from a user to another user. 

The definition of friends is different with environments. In Tencent Weibo dataset, 
the social network is directed. There are three kinds of relationships between two users: 
follow, be followed, and follow each other. We just used the follow relationship  
because it is the result of active action which is more representative of one user’s 
interests. So friends in our experiments on Tencent Weibo dataset mean other users  
followed by the user. 

For Last.fm dataset, we conducted our experiments on the feature of tags. There is a 
little different from tag feature in Tencent Weibo dataset. Tag features in Last.fm 
dataset are tags a user has made for artists. It is also a kind of implicit feedback  
information representing user’s tastes. 

There are many friends for some users and each friend has several features, so this 
will lead to too many expanding features for a user. For example, a user has 100 friends 
and each friend has 5 tags. The total number of the user’s friends’ tags is 500, which is 
too large to use. Therefore, we need a selection strategy. In our experiments, we chose 
k most common ones of user’s friends’ features. The weight of each feature is its count 
in friends’ features after normalization. We tried both k=30 and k=20 and different 
weight strategies, but experiment results indicated that there were not much differ-
ences. So k is set to 30 in the following reported results. The SVDFeature toolkit [15] 
was used in our experiments. 

4.4 Results and Analysis 

Table 2 and Table 3 showed the results of our experiments on Tencent Weibo dataset 
and Last.fm dataset. We can see that all of the expanding features can achieve im-
provement when used independently or in combination. Except follow history in 
Tencent Weibo dataset, other expanding features in both datasets were even more 
useful than the original features. This is because the original features of tags, keywords, 
actions are every sparse while the expanding features are denser. 
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Table 2. Improvement on MAP@3 in Tencent Weibo Dataset 

Feature Model MAP@3 

 SVD 0.3595 

follow history SVD + follow history 0.3714 

SVD + friends’ follow history 0.3677 

SVD + follow history + friends’ follow history 0.3743 

tags SVD + user tags 0.3609 

SVD + friends’ tags 0.3629 

SVD + user tags + friends’ tags 0.3669 

keywords SVD + user keywords 0.3653 

SVD + friends’ keywords 0.3705 

SVD + user keywords + friends’ keywords 0.3770 

action SVD + user action 0.3644 

SVD + friends’ retweet 0.3676 

SVD + user action + friends’ retweet 0.3712 

follow history + 
tags + keywords + 
action 

SVD + follow history + user tags + user keywords 
+ user action 

0.3823 

SVD + friends’ follow history + friends’ tags + 
friends’ keywords + friends’ retweet 

0.3754 

SVD + follow history + friends’ follow history + 
user tags + friends’ tags + user keywords + 
friends’ keywords + user action + friends’ retweet 

0.3853 

Table 3. Improvement on recall@n in Last.fm Dataset 

Model + Feature recall@50 recall@100 recall@150 recall@200 recall@250 

SVD 14.91% 22.45% 27.99% 34.31% 38.65% 

SVD + user tags 15.93% 25.87% 31.87% 40.46% 44.43% 

SVD + friends’ tags 17.23% 25.97% 33.11% 43.14% 47.84% 

SVD + user tags + 
friends’ tags 

21.22% 29.67% 36.03% 43.23% 48.25% 

5 Conclusion 

In this paper, we explored a new way of using social relationships by expanding user 
features in social recommender systems. We trained SVD++ model on Tencent Weibo 
and Last.fm datasets. Experiment results showed that expanding features by social 
relationships can improve the performance of recommender system efficiently which 
indicated that it can help to solve features’ sparsity problem. 
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