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Abstract. Online comments are ubiquitous in social media such as micro-blogs, 
forums and blogs. They provide opinions of reviewers that are useful for under-
standing social media. Identifying opinion leaders from all reviewers is one of 
the most important tasks to analysis online comments. Most existing methods to 
identify opinion leaders only consider positive opinions. Few studies investigate 
the effect of negative opinions on opinion leader identification. In this paper, 
we propose a novel method to identify opinion leaders from online comments 
based on both positive and negative opinions. In this method, we first construct 
a signed network from online comments, and then design a new model based on 
PageTrust, called TrustRank, to identify opinion leaders from the signed net-
work. Experimental results on the online comments of a real forum show that 
the proposed method is competitive with other related state-of-the-art methods. 
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1 Introduction 

The social media, such as micro-blogs, forums and blogs, have rapidly developed 
during the past decades. Online comments provide an important place for reviewers to 
share their positive or negative opinions toward affairs or products. They have be-
come an important component of social media. Among reviewers, there are several 
opinion leaders whose opinions greatly affect others. Identifying these opinion leaders 
from online comments is of great significance. For governments, opinion leaders can 
help positive opinions toward hot events to be spread rapidly, which will promote 
social harmony and stability; for enterprises, with the help of opinion leaders, new 
products can be quickly spread to their customs and achieve a good sale; for publics, 
knowing opinion leaders means mastering the mainstream viewpoints about hot 
events or new products. 

Many methods have been proposed to identify opinion leaders in social networks. 
The early methods simply use statistical measurements based on social network anal-
ysis, including degree centrality [1], closeness centrality [2], graph centrality [2] and 
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betweenness centrality [2]. The shortcoming of these statistical measurements is that 
they may result in finding junk opinion leaders who forge a deluge of links as they 
only consider network links. Subsequently, a number of relatively complex methods, 
such as PageRank, HITS [3, 4], TwitterRank [5] and PageRank-like algorithm [6], are 
proposed for opinion leader identification. 

The main limitation of these methods is that they only consider negative opinions, 
which is not suitable for online comments. Recently, three PageRank-like models are 
proposed for ranking nodes of networks with negative links, i.e., the Simple Page-
Rank (Sim-PR) [7], Virtual PageRank (Vir-PR) [8] and PageTrust (PT) [9], which are 
potential to identify opinion leaders from online comments. 

In this paper, we propose a novel method to identify opinion leaders from online 
comments. In this method, we first construct a user network with positive and nega-
tive links (called signed network) via four procedures: setting up a basic weight post 
network with explicit and implicit links, labeling the sign of explicit links, inferring 
the sign of implicit links, transforming the signed post network into a signed user 
network. Then we design a new model based on PageTrust, called TrustRank, to iden-
tify opinion leaders from the signed network. Compared with other methods, our me-
thod considers both positive and negative opinions. In addition, the negative link has 
two meanings: “negation” sense and “weak-positive” sense. Negation sense means 
leaving and stopping. Weak-positive sense, for example “the enemy of my enemy is 
my friends”, means keeping and going on. Experimental results on the online com-
ments of a real forum show that the proposed method is competitive with other related 
state-of-the-art methods. 

The remaindering sections of this paper are organized as follows: Section 2  
describes how to construct a signed network from online comments. Section 3 intro-
duces a novel model based on PageTrust to identify opinion leaders in the signed 
network. Section 4 discusses the experiments on an online comment dataset from a 
real forum. Conclusions are drawn in section 5. 

2 Construct Signed Networks 

Before illustrating the detail procedures, we define some basic notations. Let 
P={p1,p2,…,pn} be a comment post set and pi represents the ith  post. Let 
U={u1,u2,…,um} be a user set and uj represents the jth  user. Let ipu denotes a user 
who posts pi . In addition, let GP(P,EP) represents a comment post signed network, 
where EP denotes the relationship between posts (explicit or implicit). Each edge 

Pij Ep ∈  can be expressed by a four-tuple (pi,pj,wij,sij), where wij denotes the edge 
weight ranging from (0, 1], sij denotes the edge sign ranging from {-1, 1}. Similarly, 
let GU(U, EU) represents a user signed network and each edge Uij Eu ∈  can be denoted 
by a four-tuple (ui,uj,wij,sij). Note that commonly the number of set P is not tanta-
mount to the set U because some users may have two or more posts. 
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2.1 Network Construction 

Explicit Link. In an online forum, the explicit link is denoted by two meta opera-
tions: reply and citation. For posts pi and pj , if pj is a direct reply toward or cite pi , 
there exist an explicit link from pj to pi . Note that if pm which cites pj is a reply to pi , 
there is  an explicit link from pm to pj rather than pi. And the weight value is 1 for all 
explicit links. 

Implicit Link. In an online forum, pi and pj ( nji ≤≤ ,1 ) have not an explicit relation-
ship, however, they share some semantic similarities. There exist an implicit link from 
pj to pi because before posting, users commonly have read and also been influenced 
by several preceding posts. We adopt a method for measuring post similarity [10] to 
calculate the relevancy between two posts. The implicit link weight is equal to the 
post similarity. 

 

                 

 
 
 
 

2.2 Network Labeling 

We classify comment posts into two types: direct and indirect posts. The direct posts 
show a direct attitude toward the target post author, including “excellent post”, 
“agreement” or “junk post”; the indirect posts illustrate sentiment opinions toward the 
role talked in the target post. It is not difficult to differentiate them because the direct 
posts have several particular characteristics: laconicism; slang; accompanied by spe-
cial punctuations. 

Two strategies are adopted for labeling the direct and indirect posts. For the for-
mer, we use two artificial sets collected according to the special characteristics. This 
is practicable because in a certain media-sharing the direct posts are often enumera-
ble. For the indirect posts, three procedures are necessary for labeling: first setting up 
a heterogeneous triad for sharing a common object, then utilizing the sentiment analy-
sis to label the direct attitude, at last multiplying the direct sign. 
 

Fig. 1. Illustration of structural balance theory. 
Triads with odd number of pluses are labeled as 
balanced (A and B) and Triads with even positive 
edges are labeled as unbalanced (C and D).

Fig. 2. A virtual triad axy. yxs  denotes 

the implicit link sign, xas  and yas  
denotes virtual link sign. 
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Sentiment Analysis. Firstly, the comment post is split into several sentences. Se-
condly, six artificial features are extracted and a common classification method is 
selected for identifying the sentence sentiment orientation. Lastly, the post sentiment 
orientation is in accordance with the sign of the large number of sentence orientation. 
All features are set 1 or 0 according to whether they appear or not. The six artificial 
features include: ①8664 positive words, we collect 2036 positive words manually 
and use these words as seeds for expending in the Chinese thesaurus set (tongyici 
cilin) and the final set contains 8664 positive words; ②16894 negative words; ③13 
negation words; ④169 degree words; ⑤130 degree words, such as “think”; ⑥16 
special punctuations, such as “!!!!!” and “????”. 

2.3 Network Inferring 

Structural Balance. Structural balance theory is originated in social psychology and 
then formulated by Heider in the 1940s [11]. Figure 1 shows several triad examples of 
the structural balance. A simple triad is balanced based on two kinds of situations: the 
sign of three edges are all positive; there are two negative and one positive signs. 
They are in accordance with the intuition that "the friend of my friend is my friend" 
and "the enemy of my enemy is my friend". 

For inferring the implicit links labels, it is necessary to build up a virtual triad. As 
can be seen in figure 2, for inferring the label of implicit link syx, we need to build up 
a virtual triad axy and also should know the link sign sxa and sya. We formulate sxa in a 
general way: 

aixxa ss ,...,,...,=                              (1) 

For calculating the sign sx,…,i,…,a,  

aaiixxaix ssss 111,...,,..., −−+ ⋅⋅⋅⋅⋅⋅=                       (2) 

Similarly, sya can be written as: 

aajjyyajy ssss 111,...,,..., −−+ ⋅⋅⋅⋅⋅⋅=                      (3) 

So, syx equals to: 

ajyaixyx sss ,...,,...,,...,,..., ⋅=                          (4) 

2.4 Network Transforming 

Now we transform the post signed network into user signed network. Given an edge 
Pij Ep ∈  for transform, there always exist three situations: ① ji pp uu = ; ②

0  =≠ ijpp uanduu
ji ; ③ 0  ≠≠ ijpp uanduu

ji . For situation one, we just leave out the edge 
because ipu and jpu  are the same user. For situation two, we set ijij pu = . There is a 
little more complicated in situation three. If 1  1 <= ijij pandu  we just leave out the 
edge in that "1" which expresses explicit links should be more reliable than implicit 
links. Otherwise we set ijij pu =  because the later commonly represents the 
relationship new status. 
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3 Identifying Opinion Leaders 

Intuitively, the opinion leaders from online comments can be interpreted similar to the 
“authority” of a web page: A user has high influence if the sum of influence of his/her 
comments is high. Here, based on the PageTrust method [12], we propose a Tru-
stRank method for handling positive and negative weight links. 

The TrustRank is grounded on an idea that the distrust(negative) links may streng-
then the possibility of leaving the network. In a nn×  distrust matrix P, Pik denotes the 
proportion of walkers in node i who distrusts node k. And the diagonal of P  gives the 
proportion of walkers that distrust the node they are in. In that manner, (1-Pii) 
represents the proportion of remaining walkers in node ni ∈ . Accompanied by the 
distrust matrix, the iteration process is defined as: 
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In a signed network, there are three types of propagation information: positive-
positive, negative-positive or reverse, negative-negative. The PageTrust method has 
considered the former two but ignores the negative-negative information. Here we 
introduce a new matrix to model the negative-negative propagation information. 
There are four types of atomic propagations in a network: direct propagation, co-
citation, transpose trust and trust coupling [9]. Let M denote a connection matrix in a 
signed network with n nodes, the corresponding operators of four atomic propagations 
are: TTT MMMMMM ,,, . Let ),,,( 4321 βββββ =  be a vector weight for the four atomic 
propagations. Then four atomic propagations can be combined into a single matrix 

β,MC : 

TTT
M MMMMMMC 4321, ββββα +++= ,                  (8) 

where 14321 =+++ ββββ . The kth iterative propagation can be denoted as k
MC α, . By 

introducing diverse damping factors ( dt γγ , ) for trust and distrust matrix propagation, 
the detail matrix iterative propagation process can be defined as: 
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And the γ  can be formulated as: 
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Based on formulae (9) and (10), the negative-negative propagation information can 
be calculated by: 


=

− ⋅=
m

k s
jsMd

k
siMdji CCF

1
),(,

1
),(,),( ββ γγ ,                   (11) 

where m denotes the iteration depth and its value depends on actual situations. Then 
we combine the matrix F with the original matrix M to construct a new information 
matrix 'M  which has obtained the negative-negative information: 
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4 Experiments 

4.1 Datasets 

The datasets are collected from the category of "Online Military Review" of the Chi-
naNet Military Forum1 which is the largest and also the most active military forum in 
China. The forum provides a vote button for forum visitors to share agreements. We 
use the agreements for the gold opinion leaders. Here, we randomly downloaded 
about 1000 threads on 7 May, 2013. Then removing those comment posts which is 
less than two pages and get 53 threads. We extract some useful information, including 
user ID, post content, post floors and post votes (Since the crawler algorithm failed to 
download the vote information, we manually record the top 10 opinion leaders who 
have the most votes). 

Table 1. Comparisons of top 10 opinion leaders between four models in thread 4 

 UserID(votes) Sim-PR Vir-PR PT TR 

1 Zjs16(2221) 1 2 8 3 
2 Xysgy(1380) 6 10 11 9 
3 Sfpy(867) 4 4 9 1 
4 Fs_KK(562) 117 109 3 14 
5 Afhdhg(277) 2 5 13 4 
6 Yzqf618(173) 20 19 12 7 
7 Dh_wgd(169) 21 20 14 8 
8 Lsw(162) 7 6 17 5 
9 Jlh(151) 48 44 7 13 
10 Kw(151) 32 30 1 12 

                                                           
1 http://club.china.com/data/threads/12171906/index.html 
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4.2 Results 

We compare the TrustRank (TR) model with three models for handling positive and 
negative links, including the Sim-PR, Vir-PR and PT. In addition, to give a clear 
comparison of the ranking result, we adopt Mean Absolute Percentage Error(MAPE) 
and F-measure. The MAPE is a common method for evaluating the difference be-
tween actual values and predicting values: 


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The lower the MAPE value, the better the ranking. The F-measure is a well-known 
evaluation method in information retrieval. The higher the F-measure, the better the 
result. Given the precision P and recall R, the F-measure is defined as: 
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For illustrating the ranking result of four models, we present the top 10 opinion 
leaders of the thread 4 as shown in table 1. The second column is the real top 10 opi-
nion leaders and the last four columns are the ranking order of them in four models. 
The table illustrates that the TR model has a better ranking than the other three mod-
els. Specifically, 7 out of 10 nodes have a better order than the PT model; 5 out of 10 
nodes obviously outperform both Sim-PR and Vir-PR models, while the other 5 nodes 
have an imminent ranking. 

 

Fig. 3. Comparisons between TR and other three models in forum datasets. The top three fig-
ures show the results on MAPE; the bottom three figures show the results on F-measure.  

Applying MAPE and F-measure for measuring the top 10 opinion leaders of 53 
threads, figure 3 illustrates the detail results of four models. The figure shows that  
the TR model outperforms the other three models in two evaluation methods.  
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Specifically, 26 out of 53 threads’ TR ranking is optimal in four models using MAPE 
and F-measure. 43 out of 53 threads’ TR ranking is optimal in four models using 
MAPE or F-measure. For the remaining 10 threads, although they fail to obtain an 
optimal solution in TR model, they all get a suboptimal value using MAPE or F-
measure. This lie in two reasons: 1) The TR model formulates negative links as nega-
tive influence, which degrades nodes that accept a large number of negative links the 
possibility of being important nodes. This satisfies the common sense that one op-
posed by a majority of people is less likely to being opinion leaders. So, the TR model 
outperforms both Sim-PR and Vir-PR models which treats negative links as none or 
positive influence. 2) The TR model also treats negative links as weak-positive influ-
ence, which can make up for mis-degrading nodes that accept negative links occasio-
nally. So, the TR model is superior to PT model which only takes negative influence 
into consideration. 

5 Conclusions 

In this paper, we propose a novel method to identify opinion leaders from online 
comments based on both positive and negative opinions. The effectiveness of this 
method is validated on the online comments of a real forum. 
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