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ABSTRACT 
 

In this project, we perform an intensive study on online 
social networks in which the relationships between entities 
can be either positive which indicates relations such as trust 
or friendship or negative which represents relationships such 
as opposition or antagonism. We investigate some basic 
characteristics for signed networks, make an extension on 
prior work, propose creative features, and modify the 
PageRank algorithm to make it applicable in signed 
networks. We also build up an edge sign prediction model 
using supervised machine learning results. The experimental 
results show our model can significantly improve the 
prediction accuracy and decrease the false positive rate.  
 

Index Terms— Signed Network, Prediction of Edge 
Sign, Local Bias, SN-PageRank, Machine Learning 
 

1. INTRODUCTION 
 
1.1 Background 
 

In recent years, social network has become an 
increasingly important resource to analyze individuals’ 
behaviors and the embedded communal structures. In most 
networks, edges simply indicate connections between nodes. 
However, sometimes more information about the connection 
needs to be represented and thus signed network was 
proposed. 

In signed network, each edge is either positive or 
negative depending on whether it indicates positive or 
negative information. Positive information mainly includes 
trust, likes or approves while negative sign generally 
represents distrust, dislikes or denounce. Signed networks 
are generally used to characterize attitudes among a group 
of people. Actually, unsigned networks can be viewed as a 
special case of signed network, a network with only positive 
edges. Hence, the algorithms for signed networks can be 
applied to general networks. Typical signed network 
includes Epinions, Slashdot and Wikipedia. 

With rich information contained in signed network, we 
can not only make macro analysis on the evolution and 
structure of real-world social network but also uncover the 
hidden relationship between two given nodes. Indeed, later 
research can be categorized into these two directions: global 
structure modeling and signed edge prediction. For macro 
analysis, balance and status theories have been proposed in 

[2] and further studied in [3, 8]. For edge prediction, Guha 
et. al proposed an algorithm based on exponentiating the 
adjacency matrix in [6] and Jure et. al took it one step 
further by using machine learning scheme. Besides 
optimizing total accuracy, some papers, like [5], put their 
focus on improving the false positive rate. 

 
1.2 Our Work 
 

The purpose of our project is to conduct an intensive 
analysis on signed networks. We explore several basic 
descriptors for signed networks and their variants. Among 
them, a modified version of PageRank – SN-PageRank – is 
proposed, which can be successfully applied to signed 
networks. We also verify our findings to real-world datasets. 

We first explore a set of characteristics for signed 
networks. In addition to some basic features commonly used 
in network related algorithms such as clustering coefficient, 
we also extend the triangle patterns adopted by Jure in [3]. 
We intend to catch an intuitive idea about their relative 
importance and representativeness of corresponding node 
and the whole network. After complete calculation in 
real-world datasets, we build up a collection of features 
containing various amount of information of the network.  

From our knowledge, traditional PageRank cannot be 
directly applied to signed networks because of the negative 
edges. Their existence makes it impossible to guarantee the 
convergence of PageRank algorithm. We modify the 
original algorithm according to the characteristics of signed 
network itself, and then apply it to the real-world datasets. 
Based on the specific modification, we analyze from an 
intuitive respective, connecting the SN-PageRank with the 
reliability of every node. 

The proliferation of online signed networks and social 
network analysis lead researchers to the problem of 
predicting the sign of an edge in signed networks [3, 4, 5]. 
We follow this line to implement sign prediction based on 
our discoveries. In this problem, we are following an 
experimental framework articulated by Jure et al. in their 
study [3].We successfully propose an edge sign prediction 
model which integrates the information of local bias and the 
modified PageRank values for each node. By performing a 
series of experiments, we find that our model significantly 
outperforms previous work in prediction. 

Positive and negative signs have different meanings in 
different datasets. For example, the sign of an edge 
represents trust or distrust of one user toward another user in 



Epinions; while in Slashdot, a network of technology blogs, 
the sign means approval or disapproval of one user of 
another user’s comments. We use one dataset to train our 
model and test on the other one. We notice that the model is 
dataset independent without significant deterioration. 

As noted above, there are a number of features 
mentioned in the system. It is valuable the find out which of 
them are significant and which of them are negligible when 
predicting edge signs. In order to know this, we implement 
forward feature selection on the whole feature set. We are 
capable to clearly distinguish between them after running 
the algorithm. 
 
1.3 Paper Structure 

 
The remainder of this paper proceeds as follows. Section 

2 gives a brief description of a list of prior work which is 
related to our project. Section 3 focuses on analyzing the 
dataset we use - Epinions and Slashdot, from their statistical 
information and some basic network descriptors. Section 4 
describes three newly proposed descriptors of signed 
networks and elaborates on their practical meaning in signed 
networks. In section 5, we refine the supervised machine 
learning model for edge sign prediction and perform some 
experiments on different datasets. We also implement 
feature selection and cross dataset validation of the model. 
In the last part, we draw some conclusions based on the 
simulation results. 

 
2. RELATED WORK 

 
In section 1.1, we briefly introduced some main 

directions and most remarkable work. Here, we will give 
more details and survey further lines of study that are also 
related. Also, we will explain what’s the relationship and 
difference between their ideas and our work.  

First, one of our goals is to characterize the signed social 
network with a meaningful model and use it infer the sign of 
a given edge. Some previous paper also did this and use 
prediction accuracy as their goals. Guha et. al introduced 
belief propagation concept in [6] and used exponential of 
adjacent matrix as features of their model. They enumerate 
some possible values for their parameters and get the 
optimal prediction accuracy for their model. Years after, in 
[3], Jure et. al made some extensions to it and proposed a 
model based on logistic regression scheme.  In that paper, 
local information, such as in-and-out degrees, is added. We 
are going to follow their steps whereas we will predict with 
brand new features under various machine learning scheme.  

Second, we take reliability of each node into 
consideration. All of previous papers about signed network 
thought all nodes and their connections are reliable. 
However, in rating network, like Epinions, the edge sign is 
highly affected by their personal interests as well as their 
appreciation abilities. So, we need to characterize the user 
reliability. This idea is similar to PageRank, a well-defined 

algorithm used in web searching applications. PageRank 
algorithm is introduced and fully developed in paper [13, 14, 
15] and it can iteratively compute the authority and 
reliability of each node. However, the original PageRank 
algorithm can only be applied to directed graph. We’ll build 
up our PageRank for signed network and use it as one 
important feature in our prediction model.  

Finally, we care about generalization problem. To avoid 
overfitting and make the model easy to analyze, several 
methods have been proposed. Cross validation is the most 
commonly used one and is illustrated in [16]. Jure et. al 
generalized this idea to cross-set validation in [3], which can 
be used to find the common structure in online network. 
Besides cross-validation, feature selection is also widely 
used. Forward feature selection proposed in [11, 12] is an 
aggressive algorithm to find the smallest feature set with a 
relatively high accuracy. In this paper, we’ll combine these 
two methods to refine our prediction model. 

 
3. DATASET ANALYSIS 

 
We consider two large online social networks where 

each link is explicitly labeled as positive or negative to 
perform our analysis and experiments: Epinions and 
Slashdot. 

 
3.1 Dataset Introduction 
 

Epinions is a website where users write reviews about a 
variety of topics. Users can write new reviews, rate the 
reviews of others, and indicate trust or distrust to another 
user. Trust information is used to determine the rank of 
items in certain category and also the rank of reviews for 
one specific item. With trust information, most valuable or 
convincing reviews are presented to the user.  Reviewers at 
Epinions are paid royalties based on how many times their 
reviews are read, which can encourage user to write more 
reviews. In order to avoid junk reviews and improve the 
quality, concept of distrust was introduced. With the help of 
trust or distrust, the web is able to select and present most 
useful reviews to the user.  

Slashdot is a technology-related news website owned by 
the Dice Holdings, Inc.. Summaries of stories and links to 
news articles are submitted by Slashdot's own readers, and 
each story becomes the topic of a threaded discussion 
among users. Discussion is moderated by a user-based 
moderation system. Randomly selected moderators are 
assigned points which can be used to rate a comment. 
Moderation applies either −1 or +1 to the current rating, 
based on whether the comment is perceived as either normal, 
off topic, insightful, redundant, interesting, or troll.  

Our experiments and analysis will be performed on these 
two datasets. Their statistics and characteristics of the data 
will be described in section the rest parts of section 3. 
 
3.2 Basic Analysis 
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