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Identifying persons with the same stance in topic documents that contain competing 
viewpoints can help readers construct the background of a topic and facilitate topic 
reading. In this paper, we propose an unsupervised method for identifying topic persons 
with the same stance. Specifically, we employ a model-based 
Expectation-Maximization (EM) method to cluster individuals into positively 
correlated groups. In addition, we utilize an off-topic block elimination technique and a 
weighted correlation coefficient to remove off-topic text blocks and alleviate the text 
sparseness problem. We also present an effective initialization algorithm that generates 
appropriate EM initializations. Our experiment results demonstrate that the proposed 
method clusters topic persons with the same stance correctly and outperforms many 
well-known clustering methods. Moreover, the initialization algorithm yields accurate 
and stable stance identification results. 
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1. INTRODUCTION 

With the rapid growth of the Internet and advances in communication technologies, 
more and more documents are being made available on the Web so that people can 
obtain desired information easily. As a result, the Web has become the most convenient 
medium for disseminating news about global topics. Usually, topics that involve 
competing viewpoints or stances generate a lot of interest and may be reported by 
hundreds of documents. Because the documents cover every detail of different stances, 
they provide a balanced view of the topic of interest. However, readers often have 
difficulty assimilating the information in numerous documents that cover various 
stances. Several topic mining techniques have been developed to help readers 
comprehend numerous topic documents. The techniques focus on extracting important 
themes from topic documents, and then provide summaries of the themes to help 
readers digest topics quickly. For instance, Mei and Zhai [1] used a mixture of unigram 
models to extract salient themes from topic documents; while Nallapati et al. [2], and 
Feng and Allan [3] grouped topic documents into clusters, each of which represents a 
unique theme in a topic. Chen and Chen [4, 5] extracted salient points from topic 
documents to summarize the topics. Even though the extracted themes and summaries 
distill the topic contents clearly, readers must still expend a great deal of time trying to 
comprehend the extracted information if they are not familiar with the topics. 



NAME… 

 

2

 

Basically, a topic is associated with specific times, places, and persons [2]. We call 
a named entity a topic person if it refers to a person mentioned in a set of topic 
documents. Knowing topic persons with the same stance can help readers construct the 
background of the topic and facilitate reading. For example, in the topic about the 
selection of the new IMF (International Monetary Fund) president in 2011, the former 
IMF chief Dominique Strauss-Kahn stepped down because he had been charged in a 
sexual assault case. Google News collected hundreds of topic documents reporting all 
perspectives of the stances of the following participants: the staff of the Bank of Mexico; 
the French Minister of Finance; the countries opposed to the French Minister of Finance; 
and the countries that supported non-European zone candidates. The topic persons with 
opposing stances competed to have their candidate selected as the new IMF president. If 
readers knew the persons associated with the four stances, they could have understood 
the numerous topic documents easily. It is reasonable to ask experts to identify the 
associations between persons and stances for readers. However, as new topics occur 
frequently and the corresponding topic documents are posted on the Internet, experts 
could be overwhelmed by the huge number of documents. The situation would be even 
worse if the experts were not familiar with background of a topic. To discover the 
associations between the persons and stances of an unfamiliar topic, the experts would 
need to read the topic documents. That would not be an easy task if there are numerous 
documents; hence, automatic methods for stance identification of topic persons are 
essential. 

In this paper, we propose an effective model-based EM method that clusters 
persons with the same stance in topic documents automatically. The clustering results 
function as descriptions of the characters in long stories to help readers construct the 
background of the topics and facilitate reading. The stances of topic persons are 
context-dependent; thus, identifying the stances is a challenging issue. For instance, 
politicians often change their policies for the sake of expediency, so their stances 
change accordingly. In such cases, no external knowledge source is available for 
identifying the stances of the topic persons. To resolve the problem, the proposed 
method clusters topic persons into stance-coherent groups in an unsupervised manner. 
As the method only considers the word usage patterns of person names in topic 
documents, it does not require external knowledge sources and it can capture the stance 
dynamics effectively. Another challenging issue is that the results of EM-based 
methods depend on the initialization of their parameters [6, 7]. To deal with this issue, 
we propose an effective initialization algorithm that yields a stable and accurate stance 
identification performance. We also present off-topic block elimination and weighted 
correlation coefficient techniques to remove off-topic text blocks and mitigate the text 
sparseness problem respectively. Our experiment results demonstrate that the proposed 
method can identify persons with the same stance accurately and reduce the text 
sparseness problem effectively. 

The remainder of this paper is organized as follows. Section 2 contains a review of 
related works. In Section 3, we define the stance identification of topic person problem 
and discuss the proposed method; and in Section 4, we evaluate the method’s 
performance. Section 5 contains our concluding remarks. 
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2. RELATED WORKS 

Identifying topic persons’ stances is an emerging paradigm in text mining research. 
Chen et al. [8, 9] developed a PCA-based method to identify such stances. They showed 
that the signs of the entries in the principal eigenvector of PCA are effective in 
partitioning topic persons into competing stances. Abu-Jbara et al. [10] proposed an 
unsupervised approach to identify subgroups of people that hold similar opinions. Each 
person is represented as an attitude vector comprised of the features of positive and 
negative words for entities. Then, the K-means algorithm is employed to group people 
that express similar opinions in ideological discussions. Subsequently, Dasigi et al. [11] 
incorporated implicit attritudes derived by using Latent Dirichelet Allocation (LDA) 
[12] into the attitude vector. Their experiment results show that implicit attitudes are 
effecitve in detecting subgroups in online discussions. 

Like the above studies, our research is related to the task of community detection 
[13-16], which involves identifying communities in a network of interest. The nodes of 
an identified community have similar properties and differ from the nodes of other 
communities. In recent years, a number of methods have been developed to identify 
communities in social networks. Identifying social communities can help users learn the 
structure of the network. For instance, Girvan and Newman [13] exploited a divisive 
method to discover communities in the social network of Zachary’s karate club [17]. 
They also developed a modularity-based method that merges nodes from the network to 
find communities of interest [14, 15]. Chen at al. [16] proposed a hierarchical 
agglomerative method with Max-Min Modularity to identify communities in the 
Mexican politician network and the Sawmill social network. To the best of our 
knowledge, all existing community detection methods identify communities in 
well-defined networks. By contrast, we focus on identifying stance-coherent groups 
(communities) from diverse topic documents. The task is much more difficult than 
community detection. 

As our method tries to identify the stances (orientations) of persons mentioned in 
topic documents, it is related to sentiment analysis [18, 19], which detects textual units 
with positive or negative orientations. However, our research differs from sentiment 
analysis in a number of respects. First, most sentiment analysis approaches identify the 
orientation of adjectives, adverbs, and verbs because the syntactic constructs generally 
convey sentiment semantics. For instance, Hatzivassiloglou and McKeown [20] 
analyzed the use of conjunctions, such as and, or, and but, to determine the orientation 
of conjoined adjectives. Ganapathibhotla and Liu [21] investigated the orientation of 
comparative adjectives (e.g., quick) or adverbs (e.g., quickly) combined with product 
features (e.g., run time) to identify the pros and cons of products discussed in product 
reviews. Meanwhile, Ding et al. [22] considered sentiment verbs, such as like and hate, 
to extract further sentiment comments about a product. In contrast, stance identification 
of topic persons considers the orientation of person names, which are nouns that rarely 
express sentiment information. The second difference is that, generally, sentiment 
analysis approaches classify textual units in terms of a positive or negative orientation; 
however, a person’s stance may not have a positive or negative meaning. In other words, 
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people with different stances hold opposite opinions about a topic, while people with 
the same stance reach a consensus or have the same goal. Finally, sentiment analysis 
usually requires external knowledge sources or human-composed sentiment lexicons. 
For example, Turney and Littman [23] manually selected seven positive and seven 
negative words as a sentiment lexicon and used pointwise mutual information (PMI) to 
identify the orientation of a word. Kim and Hovy [24], and Hu and Liu [25] determined 
a word’s orientation by classifying the synonyms and antonyms of the word in 
WordNet [26]; while Ku et al. [27] performed Chinese sentiment analysis by 
considering the sentiment words in the General Inquirer lexicon [28]. However, there 
are no external knowledge sources for stance identification of topic persons because a 
person’s stance is dynamic and context-dependent. Because of the context-dependence 
property and the lack of knowledge sources, stance identification of topic persons is a 
challenging research issue. 

3. METHOD 

3.1 Model-based Stance Identification of Topic Persons 

Given a set of documents about a topic that involves competing viewpoints with K 
stances, the task of stance identification of topic persons involves clustering the persons 
mentioned in the documents into K stance-coherent groups. For example, Figure 1 
shows documents related to the selection of the new IMF president in 2011. The stance 
identification method clusters the mentioned persons into four stance-coherent groups: 
the staff of the Bank of Mexico, the French Minister of Finance and her representatives, 
the South African delegates opposed to the French Minister of Finance, and the country 
delegates that supported non-European zone candidates. We posit that identifying 
stance-coherent groups of topic persons can help readers construct the background of a 
topic and help them comprehend the topic documents. 

 

Figure 1. An example of stance identification of topic persons 
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To identify the stances of topic persons, we first decompose the documents into a 
set of non-overlapping blocks B = {b1,…,bL}. A block is a content coherent unit, i.e., a 
document or a paragraph. Let P = {p1,…,pM} represent a set of person names mentioned 
in B (i.e., topic persons). Then, the topic can be described by an LxM block-person 
association matrix BP. A row in BP, denoted by bl, represents a block. It is an 
M-dimensional vector whose i’th entry, denoted by bl,i, is the frequency of person name 
i in block l. Meanwhile, a topic person pi is represented as a column in BP. The column 
is an L-dimensional frequency vector whose l’th entry, denoted by pi,l, is the frequency 
of person name i in block l. After modeling the topic persons as high-dimensional 
frequency vectors, we utilize a model-based EM method to identify their stances. Let θ 
= {α1, …, αK, ω1, ..., ωK} represent the stance model, where αk is stance k’s weight, such 
that ΣαK = 1. Here, ωk is an L-dimensional representative vector of stance k. It is a 
weighted centroid of the stance group members’ frequency vectors. Therefore, the l’th 
entry, denoted by ωk,l, is the weight of block l of stance k. We formulate the stance 
identification of topic person problem as follows: 
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As the number of stance models is infinite, it is reasonable to assume that all models 
have the same prior probability P(θ) [29]. Hence, Eq. (2) can be rewritten as follows: 
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In other words, the stance model that is searched should contain the maximum 
likelihood of the person name occurrences. To search for the stance model, we need to 
define P(pi|ωk). Most topic documents focus on individual stances because the 
documents are published in chronological order [2]. When an event occurs, the topic 
documents usually focus on the first stance. Subsequently, other stances will be 
reported in different topic documents to show the development of the topic. The 
chronological property corresponds with the findings of Kanayama and Nasukawa [30] 
who validated that text units with the same polarity tend to occur (not occur) jointly to 
make contexts coherent. Consequently, persons mentioned in the same document are 
likely to be associated with the same stance. Moreover, if the occurrences of a person 
name are coincident with those of a stance-coherent group, the person can be regarded 
as a member of that group and therefore has a high P(pi|ωk). For example, in Figure 2, 
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Figure 2. A document related to the topic “Selection of the new IMF president.” 
 

the document entitled “Germany's Merkel: Lagarde Is Ideal Embodiment of Economic, 
Political Experience for IMF” reports an important event where Angela Merkel 
declared her support for Christine Lagarde as the new IMF president. In the document, 
Merkel and Lagarde are mentioned frequently to explain the important event. We learn 
P(pi|ωk) from topic blocks and use the following correlation coefficient to discover the 
joint behavior of topic persons. 
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where corr(.) denotes the correlation coefficient between the representative vectors of 
topic person i and stance k; and pi

~ = (ΣL
l=1pi,l)/L; and ωk

~ = (ΣL
l=1ωk,l)/L are the average 

frequencies of topic person i and the members of stance-group k respectively. The range 
of the correlation coefficient is within [-1,1]. It represents the degree of joint behavior 
of topic person i and stance k under the decomposed blocks. A positive value means 
that topic person i and the members of stance-group k tend to occur (not occur) jointly 
in the topic blocks. Conversely, a negative value indicates that the occurrences of topic 
person i and the members of stance-group k are negatively correlated. To avoid negative 
probabilities in P(pi|ωk), we define the following function to convert the range of the 
correlation coefficient: 
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Germany's Merkel: Lagarde Is Ideal Embodiment Of Economic, Political Experience For IMF 

(http://english.capital.gr/news.asp?id=1208771) 

SINGAPORE (Dow Jones)--German Chancellor Angela Merkel Thursday said French Finance 

Minister Christine Lagarde has the economic and political experience to head the International 

Monetary Fund. "If I look at the personality of Christine Lagarde, as a finance minister, she enjoys 

an excellent reputation worldwide, and in many ways is an ideal embodiment of economic and 

political experience," Merkel said. Merkel said that in the long-run, it is unacceptable to think that a 

European IMF head and a U.S. World Bank head would be automatic, but now might not be the right 

time to alter that model. "Since the IMF is very deeply involved in the euro matters, there could be 

good reasons for not saying right away that a European candidate is out of the question," the German 

chancellor said. Merkel said she hoped emerging countries would take "an objective and unbiased 

look at" Lagarde for the post. Merkel's remarks came as she delivered a lecture hosted by the 

Institute of Southeast Asian Studies in Singapore. By tradition a European has always headed the 

IMF, but many in Asia and other emerging economies say the practice is outdated. The IMF job 

came open after the resignation of Dominique Strauss-Kahn, a former French finance minister 

arrested last month on charges he attempted to rape a maid in a New York hotel. Strauss-Kahn 

denies all charges. 
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The range of the conversion function strength(.) is within [0,1]. The function 
returns 1 when topic person i and the members of stance-group k are positively 
correlated, and 0 when they are negatively correlated. We define P(pi|ωk) as follows: 
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The denominator in Eq. (6) is a normalization factor; hence, topic persons 
positively correlated with stance k would belong to the stance whose centroid is ωk. 
Then, our objective (as defined in Eq. (3)) is to cluster topic persons into positively 
correlated groups. 

Let <hi,1, …, hi,K> denote a sequence of binary variables of topic person i. Here, hi,k 
= 1 if person i belongs to stance k; otherwise, hi,k = 0. As stance identification of topic 
persons is an unsupervised problem, the values of the variables are unobserved. We 
exploit an EM method to search for appropriate person stances. First, we randomly 
initialize the model parameters, and then execute the following EM steps iteratively 
until convergence. 
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The E-step uses the current stance model to compute the expectation of an 
unobserved variable hi,k. Then, the M-step re-computes the stance model as the 
maximum likelihood estimates given all the calculated expectations. When convergence 
occurs, E[hi,k] indicates the probability that topic person i belongs to stance k. We then 
assign topic person i to the stance with the maximum probability. 

3.2 MaxMin Initialization Algorithm 

A shortcoming of model-based EM methods is that the result depends on the model’s 
initialization [6, 7]. As mentioned earlier, the proposed stance identification method 
utilizes a random stance model and iterates the EM operations to improve the stance 
identification result. Here, we present an effective model initialization that yields stable 
and accurate stance identification results.  

The initialization algorithm selects representative topic persons of K stances and 
uses their frequency vectors to initialize ωk, as shown in Figure 3. Let I denote the set of 
selected persons. Initially, the set is empty. The algorithm first selects the person who 
has the maximum correlation with the topic persons. That person is regarded as the 
most representative topic person, so he/she is added to I. The correlation between the 
persons in I should be low to distinguish between different stances; hence, the algorithm 
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iteratively selects K-1 persons that have the minimum correlation with the persons 
already in I. As the algorithm first selects the person with the maximum correlation and 
eventually selects the person name with the minimum correlation, we call it the 
MaxMin initialization algorithm. After selecting K persons, we take their frequency 
vectors as the initial ωk’s and initiate the EM procedure. 
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Figure 3. The MaxMin initialization algorithm 

3.3 Off-topic Block Elimination 

While collecting the experimental data, we observed that topic blocks are sometimes 
off-topic. Since topic person names tend to be jointly absent from off-topic blocks, 
including the blocks in the EM operations would cause the EM method to overestimate 
the correlation between opposing persons and stances. Therefore, to reduce the 
influence of off-topic blocks, we implement an off-topic block elimination (OBE) 
procedure. For each topic, we construct a topic representative vector B by averaging all 
blocks bl. The i’th entry of the topic representative vector, denoted by Bi, is the average 
frequency of person name i in all the blocks. Then, we use the cosine function [31] to 
calculate the similarity between a topic block and the topic representative vector. 
Blocks whose cosine similarity to the representative vector B is lower than a predefined 
threshold γ are deemed off-topic blocks and excluded from the EM procedure. 

3.4 Weighted Correlation Coefficient 

Although OBE reduces the number of off-topic blocks, the proposed EM method is still 
affected by the text sparseness problem. Based on the principle of least effort [32], 
document authors tend to use a small vocabulary of common words to reduce the 
reading (resp. writing) effort that readers (resp. authors) must expend. Consequently, 
the frequency distribution of person names follows Zipf’s law [32]; that is, there are 
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only a few frequent (important) persons, and most person names rarely occur in topic 
blocks. Hence, many frequency vectors of topic persons contain a lot of zeros, which 
affect the calculation of the correlation coefficient. The absence of person names from 
topic blocks could cause overestimation (or underestimation) of the correlation between 
persons and stances. To address the problem, we propose the following weighted 
correlation coefficient, called wcorr(.), to weight absent blocks: 
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where co(i,k) denotes the set of blocks whose frequencies in both pi and ωk are non-zero. 
In other words, if we treat ωk as the representative person of stance k, co(i,k) denotes 
the set of blocks in which person i and stance k co-occur. Parameter β, whose range is 
within [0,1], weights the influence of non-co-occurring blocks when we calculate the 
correlation coefficient. A large β value means a non-co-occurring block is important for 
stance identification. When β = 0.5, the equation is equivalent to the standard 
correlation coefficient. Like the correlation coefficient, the range of wcorr(.) is within 
[-1,1]. We therefore apply Eq. (5) to avoid negative probabilities when calculating 
P(pi|ωk). In the experiment section, we examine the effect of the value of β on stance 
identification of topic persons. 

3.5 Convergence of the EM Method 

Wu [33] proved the convergence of model-based EM methods. However, to guarantee 
that the iterative EM steps of our method reach a local maximum, we need to prove that 
the defined P(pi|ωk) (i.e., Eq. (6)) satisfies the axioms of probability [34]. 
 
Axiom 1: P(pi|ωk) is non-negative. 
Proof: As the range of strength(.) is within [0,1], the numerator in Eq. (6) can never be 
negative. However, to show that 0 ≤ P(pi|ωk), we need to prove that the denominator in 
the equation is always greater than zero. The (weighted) correlation coefficient is 
identical to the (weighted) inner product when the frequency vectors are 
mean-normalized unit vectors [8, 9]. Therefore, we convert the denominator in Eq. (6) 
as follows: 
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where pi and pl represent the mean-normalized unit vectors of pi and pl, respectively. 
Equation (10) only reaches its minimum, when all the inner products between pi and pl 
are –1. However, as pl represents the mean-normalized unit vector of a topic person, 
there must be an inner product whose value is 1 (i.e., pi•pl = 1 when pi = pl). As a result, 
the denominator in Eq. (6) is always greater than 0, so P(pi|ωk) must be non-negative. 
Axiom 2: The sum of all possible P(pi|ωk) is 1. 
Proof: As the sample space of P(pi|ωk) is P, the sum of all possible P(pi|ωk) is 
calculated as follows: 
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Axiom 3: For a sequence of mutually exclusive events, the probability of at least one of 
the events occurring is simply the sum of their respective probabilities. 
Proof: Let each sample point pi of P(pi|ωk) represents an event. As pi are individual 
sample points in P, pi∩pj is empty and the events are mutually exclusive. Moreover, as 
a topic consists of K stances, the probability that at least one person will be generated 
by ωk is 1, i.e., P(p1∪…∪pM | ωk ) = 1 = ΣM

i=1 P(pi|ωk). Thus, P(pi|ωk) satisfies Axiom 
3. 

Because the defined P(pi|ωk) satisfies the axioms of probability, the iterative EM 
steps must converge to an appropriate stance model [33]. 

4. PERFORMANCE EVALUATION 

In this section, we introduce the data corpus and the evaluation metric used in the 
experiments; assess the effects of OBE, the weighted correlation coefficient, and the 
MaxMin initialization algorithm; compare our method’s performance with those of 
well-known clustering algorithms; and discuss context-dependent examples of stance 
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identification. 

4.1 Data Corpus and Evaluation Metric 

In text mining, evaluations are normally based on official benchmarks. However, to the 
best of our knowledge, there are no official corpora for identifying the stances of topic 
persons because the research field is relatively new. We therefore compiled a data 
corpus to evaluate our method. As shown in Table 1, the corpus comprises sixteen 
topics with different stances. All the topic documents were downloaded from Google 
News. We selected the topics for evaluation because they are all related to global news 
events, so readers can comprehend the stance identification examples presented in 
Section 4.4 without specific cultural or background knowledge. To compare our method 
with Chen et al.’s bipolarization approach [8, 9], we prepared eight topics with two 
stances (i.e., Topics A1~A8). Topics A1 to A4, which are related to business topics, 
comprise 123, 74, 154, and 48 news documents respectively. Topics A5~A8 are related 
to four sports tournaments. We also collected topics for four stances. Topics A9~A12 are 
related to the NBA Conference Finals from 2008 to 2011. Each topic involves four 
basketball teams that competed for the title. Topics A13~A16 are global business topics. 

 

Table 1. The statistics of the evaluation corpus

ID Date 

Topic Description
# of topic 
documents 

# of extracted 
persons 

# of evaluated 
persons  
(λ = 50%)

# of evaluated 
persons 
(λ = 60%) 

Stance Description

A1 2010/7/18-2010/7/22 

Smartphone manufacturers deny Apple’s reception claim 
123 74 3 5 

 Support Apple’s reception claim
 Deny Apple’s reception claim

A2 2010/8/4-2010/8/6 

Google-Verizon deny tiered-web deal report
74 53 5 7 

 Oppose the cooperation of Google and Verizon 
 Support the cooperation of Google and Verizon 

A3 2010/6/1-2010/6/3 

Prudential’s shareholders oppose buying AIG’s Asian Unit 
154 93 2 3 

 Support buying AIG’s Asian Unit
 Oppose buying AIG’s Asian Unit

A4 2010/1/13-2010/1/15 

Google ends four years of censoring the Web for China. 
48 103 9 13 

 Support Google’s decision to quit the China market 
 Support China’s censorship of Google content 

A5 2009/6/4-2009/6/16 

The 2009 NBA Finals
411 423 6 8 

 Lakers basketball team competing in the 2009 NBA 
championship 

 Magic basketball team competing in the 2009 NBA 
championship

A6 2010/4/1-2010/4/5 
The opening game of the 2010 MLB season

33 77 5 7 
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 Washington Nationals team
 Philadelphia Phillies team

A7 2010/6/4-2010/6/19 

The 2010 NBA Finals
87 141 5 8 

 Lakers basketball team
 Celtics basketball team

A8 2010/7/10-2010/7/12 

The 2010 World Cup Final
166 214 9 12 

 Dutch team competing in World Cup Championship 
 Spanish team competing in World Cup Championship 

A9 2008/5/20-2008/5/30 

The 2008 NBA Conference Finals
119 77 8 12 

 Celtics basketball team
 Pistons basketball team 
 Lakers basketball team 
 Spurs basketball team

A10 2009/5/19-2009/5/30 

The 2009 NBA Conference Finals
78 147 11 17 

 Cavaliers basketball team
 Magic basketball team 
 Lakers basketball team 
 Nuggets basketball team

A11 2010/5/16-2010/5/30 

The 2010 NBA Conference Finals
166 162 12 17 

 Celtics basketball team
 Magic basketball team 
 Suns basketball team 
 Lakers basketball team

A12 2011/5/14-2011/5/27 

The 2011 NBA Conference Finals
292 135 9 13 

 Bulls basketball team
 Heat basketball team 
 Mavs basketball team 
 Thunder basketball team

A13 2011/5/27-2011/6/5 

IMF meeting to select a new president
150 66 5 11 

 Support Agustín Carstens’s selection as president of the 
IMF 

 Support Christine Lagarde’s selection as president of the 
IMF 

 Oppose Christine Lagarde’s selection as president of the 
IMF 

 Support the selection of a non-European zone candidate as 
president of the IMF

A14 2011/6/6-2011/6/10 

2011 OPEC meeting to set oil production quotas
118 167 22 31 

 Support an increase in oil production quotas
 Oppose an increase in oil production quotas 
 Neutral on the topic (e.g., OPEC officials) 
 Analysts providing objective analyses

A15 2011/6/6-2011/6/11 
Greek Financial Crisis

135 116 12 19 
 The countries involved in the debt crisis
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 People that provided advice to help the above countries 
restructure their economies 

 Support opinion of the European Central Bank (ECB) 
 Support Germany, which disagreed with the ECB’s 

opinions

A16 2011/6/9-2011/6/16 

Microsoft and i4i lawsuit over patent violation
92 32 9 15 

 Support Microsoft
 Support Canadian software company i4i 
 The judges who decided the outcome of the lawsuit 
 Companies that tried to take advantage of Microsoft and 

i4i
 
For each of the sixteen topics, we used the Stanford Named Entity Recognizer1 to 

extract all the person names mentioned in the topic documents. Given an input text, the 
recognizer extracts all possible named entities from the text and tags each one with a 
person name, a location name, or an organization name. We used the extracted person 
names for evaluation. As there is no perfect named entity recognition approach, the 
recognizer identified false person name entities, such as misspelled names. To evaluate 
the performance of stance identification of topic persons, we removed false entities 
comprised of the names of persons and the names of organizations (or locations) 
because they were ambiguous. However, we did not remove misspelled entities (typos) 
because they referred to specific (unambiguous) persons. Retaining them for the 
evaluations helped us test the effectiveness of our method. Because identifying different 
mentions of an entity correctly is difficult [35], we did not consider coreferences of a 
person name. We counted the frequency of each extracted person name and found that 
many of the names rarely occurred in the topic documents. The rank-frequency 
distribution of person names follows Zipf’s law [32]. Low frequency names are usually 
persons that are irrelevant to the topic (e.g., journalists), so they were excluded from the 
evaluation. Thus, for the evaluation, we selected the first frequent person names whose 
accumulated frequencies reached λ percent of the total person name frequency count. In 
other words, the evaluated person names accounted for λ percent of the person names in 
the examined topic. In the following experiments, we assess the system performance 
under λ = 50% and λ = 60%. All the evaluated person names represent important topic 
persons. 

We asked two experts to annotate the person stances and establish a reliable 
ground truth for the evaluations. Then, to evaluate the stance identification performance, 
we utilized the rand index [36], a conventional evaluation metric frequently used to 
compare clustering algorithms. More specifically, the rand index is based on person 
pairs. After a set of topic persons is partitioned into clusters, the rand index measures 
the percentage of clustering decisions that are correct (e.g., placing a person pair with 
the same stance in the same cluster). As large topics generally dominate small topics in 
micro-averaging [31], we use macro-averaging to average the rand index scores of the 
evaluated topics. Paragraph tags are not provided in the evaluated topic documents, so a 

                                                 
1 http://nlp.stanford.edu/software/CRF-NER.shtml 
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block is a topic document in our evaluation. 

4.2 Effect of System Components 

In this section, we discuss the system parameter γ, and consider the effects of the 
weighted correlation coefficient, OBE, and the MaxMin initialization algorithm. 
Parameter γ is a similarity threshold that is used to eliminate dissimilar (off-topic) 
blocks. In the experiment, we set γ at 0.1 initially and increased the value in increments 
of 0.1 to 0.9. We did not consider γ = 0 or 1 because the range of the cosine similarity is 
[0,1]. Thus, setting γ = 0 would not remove any topic blocks; while setting γ = 1 would 
eliminate all topic blocks so that the block set B would be empty and the stance 
identification process could not be implemented. To measure the true effect of γ, we 
excluded the influence of other system components. We did not utilize the MaxMin 
initialization algorithm. In addition, we set the parameter β of the weighted correlation 
coefficient at 0.5; that is, we used the primitive correlation coefficient. For each setting 
of γ, we randomly initialized our method twenty times and averaged the results for 
comparison. 
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Figure 4. The rand index scores under different settings of γ 

Figure 4 shows the rand index scores under different settings of γ. The rand index 
decreases when γ is larger than 0.3. Recall that OBE removes blocks whose cosine 
similarity to the representative vector of a topic is lower than γ. As the topic 
representative vector is the average of the blocks bj, it covers the most frequent topic 
persons. Thus, a large γ setting excludes blocks that cover less frequent person names 
and thereby reduces the correlation between persons with the same stance. As a result, 
the stance identification performance deteriorates. For instance, in Topic A11, Kevin 
Garnett, a franchise player with Celtics, and his teammates have an average correlation 
coefficient of 0.3773 under γ = 0.3. However, under γ = 0.4, the average correlation 
coefficient drops to 0.2887. This example demonstrates that OBE with a large γ setting 
eliminates the blocks that cover the less frequent persons associated with Celtics and 
reduces the correlation between Kevin Garnett and his teammates. Because our method 
clusters topic persons in terms of the correlation coefficient, the lower correlation 
causes the method to cluster topic persons incorrectly. Overall, setting γ at 0.3 achieves  
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Figure 5. The rand index with random initialization under λ = 50% 
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Figure 6. The rand index with random initialization under λ = 60% 

the best stance identification performance. Therefore, we utilize the setting in 
subsequent evaluations. 

The weighted correlation coefficient uses parameter β to adjust the weight of  
non-co-occurring blocks and mitigate the text sparseness problem when computing the 
correlations between topic persons. To examine its effect, we set β at 0.1 initially and 
increased its value in increments of 0.1 up to 1. We did not consider β = 0 because not 
all persons have co-occurring blocks (i.e., co(i,k) is empty). The sparseness 
phenomenon leads to a zero denominator in Eq. (9) such that the weighted correlation 
coefficient is non-calculable. For each setting of β, we randomly initialize our method 
twenty times and average the stance identification results for comparison. We also 
compare the performance with and without OBE to examine the effect of off-topic 
blocks. When OBE is employed, parameter γ is set at 0.3 because of its superior 
performance in the previous experiment. Figures 5 and 6 show the performance under λ 
= 50% and 60% respectively. The rand index scores under λ = 50% are generally higher 
than those under λ = 60%. This is because a large λ (i.e., λ = 60%) includes infrequent 
topic persons, which make the stance identification task more difficult. As shown in the 
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figures, using OBE generally improves the rand index scores. When collecting the 
experimental data, we found that some of the topic blocks were off-topic. As mentioned 
earlier, off-topic blocks would make uncorrelated persons, i.e., people with opposite 
viewpoints, positively correlated, and therefore have a negative impact on the stance 
identification performance. The blocks eliminated by OBE only account for 9.22% of 
the topic content, but their removal improves the correlation coefficient between topic 
persons. For example, in topic A5, the original correlation coefficient between Pau 
Gasol and Rafer Alston, who play for Lakers and Magic respectively, is positive. 
However, after using OBE, they become negatively correlated with a coefficient of 
-0.0046. Since our method is based on the correlation coefficient, OBE improves the 
performance of stance identification. The improvement of OBE under λ = 60% is 
slightly smaller than that under λ = 50%. This is because λ = 60% includes too many 
infrequent persons and OBE only excludes a small portion of the topic content. As a 
result, OBE only corrects the correlations between some persons, so the performance 
improvement is smaller. 

Next, we examine the effect of β and the weighted correlation coefficient. Figures 
5 and 6 show that, generally, a small β setting yields an inferior performance. We find 
that many topic blocks, especially in the sports topics, are recaps of competing stances, 
which tend to mention persons of different stances together. As a small β value makes 
such co-occurring blocks important, the corresponding rand index score is lower. It is 
noteworthy that β = 1 degrades the performance when λ = 50%. Under this setting, the 
weighted correlation coefficient excludes all the co-occurring blocks and only uses the 
non-co-occurring blocks to determine the relationship between topic persons. However, 
the evaluated persons under λ = 50% are so frequent that they appear in almost every 
topic block. Therefore, the weighted correlation coefficient is based on a few blocks 
that bias the relationship between topic persons; consequently, they have a negative 
impact on the stance identification performance. To summarize, by eliminating 
off-topic blocks, a large β setting usually yields a superior stance identification 
performance. The reason is that, when off-topic blocks are eliminated, the set of 
non-co-occurring blocks reveal either adverse relationships between persons or the 
absence of any relationships. Therefore, the stance identification performance improves 
as β increases. Moreover, this setting outperforms β = 0.5 without OBE (i.e., the 
primitive EM approach). Hence, the proposed off-topic block elimination method and 
weighted correlation coefficient method reduce the text sparseness problem effectively. 

Finally, we consider the MaxMin initialization algorithm. Figures 7 and 8 show its 
effect under various parameter settings. Similar to the previous result, OBE improves 
the system performance and a large β increases the rand index score. Compared with 
the results in Figures 5 and 6, the rand index derived by using the MaxMin initialization 
algorithm is superior. The results demonstrate the importance of model initialization. 
As the performance of model-based EM methods is sensitive to model initialization [6, 
7], the rand index derived under a random initialization strategy is inferior. By contrast, 
the MaxMin algorithm selects persons that are representative of stances. Because the 
algorithm considers the correlation between persons, it prevents the selection of persons 
with the same stance. Consequently, it enhances the representativeness of the initial 
stance model and thereby ensures a superior stance identification result. 
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Figure 7. The rand index with MaxMin under λ = 50% 
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Figure 8. The rand index with MaxMin under λ = 60% 

4.3 Comparison with Other Clustering Methods 

Identifying the stances of topic persons is a special clustering problem that groups topic 
persons into stance-coherent clusters. Here, we compare our method with the following 
well-known clustering methods; the K-means method [31], the HAC method [36], the 
PLSI method [37], and the PCA-based method [8, 9]. Under K-means and HAC, we 
represent a topic person as a high-dimensional frequency vector (i.e., pi) and use the 
cosine similarity to group similar persons into clusters. For HAC, we consider four 
well-known inter-cluster similarity strategies, namely, single-link, complete-link, 
average-link, and centroid-link strategies [36]. For the PLSI method, a latent concept is 
represented by a variable z and the terms of a text corpus are clustered according to the 
probability P(z|w) [37]. In our experiment, z is a stance and a term w is a person name. 
The PCA-based method also represents a topic person as a frequency vector. Because 
the method identifies topic persons’ stances in terms of the sign of the entries in the 
principal eigenvector, it is only used to evaluate two-stance topics. In addition to the 
above methods, we compare a baseline method, which simply assumes that all topic 
persons have the same stance. The baseline comparison allows us to evaluate the 
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efficiency of the clustering-based stance identification methods. The proposed method 
utilizes the weighted correlation coefficient and OBE because of their superior 
performance. In the final experiment, we evaluate the effect of the β setting on all the 
topics. Using the best β setting may overestimate our system’s performance. Therefore, 
to avoid a possible bias, we utilize the leave-one-out validation approach [36] to 
evaluate our method over multiple runs. In each run, a topic is selected for testing, and 
the remaining topics are used to derive the value of β. Then, the results of the 
evaluations of all the topics are averaged for comparison. As the clustering 
performances of K-means, PLSI, and our method depend on cluster initialization, we 
initialize the methods randomly twenty times and select the best, average, and worst 
results for comparison. We also evaluate the proposed MaxMin initialization algorithm. 
To ensure that the comparisons are fair, each compared method partitions the evaluated 
topic persons of Topics A1~A8 into two stances. For Topics A9~A16, the topic persons are 
clustered into four stances. 

Table 2. The stance identification results of the compared methods 

 

Topics A1~A8 Topics A9~A16 

λ = 50% λ = 60% λ = 50% λ = 60% 

PCA-based method 61.91% 58.79% n.a. n.a. 

Our method (MaxMin) 58.89% 67.39% 83.23% 73.12% 

Our method (Random, best) 77.19% 82.59% 89.72% 78.91% 

Our method (Random, avg.) 57.58% 59.96% 76.70% 69.48% 

Our method (Random, worst) 46.67% 37.80% 63.29% 58.33% 

K-means (best) 68.57% 81.10% 75.93% 73.13% 

K-means (avg.) 52.75% 52.07% 65.03% 61.24% 

K-means (worst) 44.29% 37.16% 54.89% 49.79% 

PLSI (best) 74.99% 72.52% 80.48% 71.38% 

PLSI (avg.) 53.92% 54.89% 69.36% 64.61% 

PLSI (worst) 41.11% 42.06% 61.29% 57.33% 

HAC (single-link) 47.94% 50.56% 70.13% 59.45% 

HAC (complete-link) 48.73% 54.97% 73.45% 64.77% 

HAC (average-link) 53.49% 54.11% 73.15% 65.86% 

HAC (centroid-link) 48.73% 58.69% 70.50% 61.99% 

Baseline 36.98% 32.23% 19.63% 22.97% 

Table 2 shows the rand index scores of the compared methods. Because it is 
impossible to determine which initialization achieves the best performance, we compare 
the average performances of K-means, PLSI, and our method. As shown in the table, all 
the clustering-based methods outperform the baseline method. Intuitively, it is difficult 
to identify the person stances of Topics A9~A16 because they involve four stances and 
consider a lot of topic persons. For example, under λ = 60%, there are 135 evaluated 
persons in Topics A9~A16, but only 63 persons in the two-stance Topics A1~A8. 
According to Zipf’s Law, many person names rarely occur in the topic blocks. Their 
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sparseness makes the stance identification of the four-stance topics more difficult. In 
our experiment, however, the rand index scores of the four-stance topics are higher than 
those of the two-stance topics because the number of two-stance persons is small. 
Therefore, an incorrectly identified person stance of the two-stance topics has a 
significant effect on the system performance such that the rand index score is low. 
Nevertheless, our method still outperforms the compared methods on the two-stance 
topics. As shown in the table, although the PCA-based method yields a superior stance 
identification performance, it cannot deal with the four-stance topics. The performance 
of the K-means method is inferior when popular persons are selected as the centroids of 
the initial clusters. A topic person is considered popular if his/her name appears in 
several topic blocks. The frequency vector of a popular person usually contains a lot of 
non-zero entries, which tend to produce a high cosine similarity score because the 
cosine similarity is the inner product of the normalized vectors. For instance, in Topic 
A5, Kobe Bryant and Dwight Howard have a high similarity score because they are 
popular (franchise) players of Lakers and Magic respectively. Under K-means, selecting 
such a person as the centroid of the initial cluster would merge cosine-similar but 
stance-different persons, and therefore impact the stance identification performance. 
The inferior performance of the HAC single-link strategy also reflects the shortcomings 
of the cosine similarity measure. The strategy determines the similarity between two 
clusters by examining the cosine similarity of the most similar persons in the clusters; 
hence, a high cosine similarity score between popular persons with different stances 
would result in the merging of groups that have opposing stances. The PLSI algorithm 
also groups popular but stance-different persons together because its objective function 
tends to compute a high P(z|w) for person names that co-occur frequently in topic 
blocks. By contrast, our method determines the relationships of persons in terms of the 
correlation coefficient, which shows how the occurrences of person names and stances 
vary jointly. Therefore, it can identify the relationships between popular persons 
correctly. For instance, the correlation coefficient between Kobe Bryant and Dwight 
Howard is -0.13, so our method achieves a better stance identification performance than 
the compared methods. 

Finally, we assess the performance of the MaxMin initialization algorithm. As 
mentioned previously, EM methods are sensitive to model initialization, so an effective 
initialization algorithm is essential to ensure stable stance identification results. The 
MaxMin algorithm initializes our stance identification method by selecting 
representative persons of different stances. To prevent the selection of persons with the 
same stance, it considers the correlation coefficient between persons and selects those 
with low correlations. However, because of the text sparseness problem, the correlation 
coefficient is sometimes underestimated so that persons with the same stance are 
selected. For example, in the IMF topic, MaxMin selects Alain Juppe, Vladimir Putin, 
Angela Merkel, and Elena Salgado, but Alain Juppe and Angela Merkel have the same 
stance. As a result, the stance identification performance is inferior to the best result. 
Nevertheless, MaxMin produces comparable results and outperforms our average 
performance. Moreover, it outperforms the compared methods on difficult topics. The 
results indicate that the MaxMin algorithm always selects a good starting point for the 
model search task, and that helps our EM method identify accurate and stable stance 
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identification results. 

4.4 Person Stance Identification Examples 

In this section, we consider two four-stance topics, namely, the 2008 NBA Conference 
Finals (Topic A9) and the 2009 NBA Conference Finals (Topic A10), to show that the 
proposed method can identify stance dynamics. Figure 9 shows the person stance 
identification results, and Tables 3 and 4 detail the expectation values of the topic 
persons. The first column in each table lists the evaluated persons of the topics and the 
remaining columns list the expectation E[hi,k] generated by our method. A person 
belongs to the stance with the maximum expectation. 

 
Figure 9. The person stance identification results of the 2008 and 2009 NBA Conference Finals. 

In Figure 9, each group corresponds to a basketball team that competed in the 
NBA Conference Finals. The results show that the proposed method identifies the 
stances of the important persons in the topics accurately. In fact, for Topic A9 (the left 
hand side of Figure 9), the important players in the conference finals are grouped 
perfectly. For Topic A10, our method incorrectly identifies three neutral players (marked 
by ~) who were not involved in the 2009 NBA Conference Finals, but were mentioned 
frequently in comparison to other players. Even so, if we ignore the neutral entities, 
which are always wrong, irrespective of the stance identification method employed, our 
method identifies important players perfectly. It is noteworthy that, in Topic A9, our 
method correctly identifies Chauncey Billups as a member of the Detroit Pistons, as 
shown in Figure 9. However, after the 2008 NBA season, Billups was traded to the 
Denver Nuggets. As our method identifies person stances in terms of word usage 
patterns in topic documents, it captured the stance dynamics and identified Billups 
correctly as a member of the Denver Nuggets. The examples demonstrate that our 
unsupervised method is context-oriented and can identify stance dynamics without 
using any external knowledge source. 
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Table 3. The stance identification results for Topic A9 (λ = 60%, β = 0.4 with OBE) 

 E[hi,Pistons] E[hi,Celtics] E[hi,Spurs] E[hi,Lakers] 

Chauncey Billups 0.41 0.28 0.14 0.17 
Richard Hamilton 0.36 0.29 0.16 0.19 
Antonio McDyess 0.47 0.14 0.15 0.24 

Kevin Garnett 0.30 0.36 0.16 0.18 
Paul Pierce 0.32 0.33 0.16 0.19 
Ray Allen 0.30 0.39 0.14 0.17 
Tony Allen 0.25 0.37 0.18 0.20 

Manu Ginobili 0.19 0.17 0.37 0.27 
Tim Duncan 0.17 0.16 0.38 0.29 

Kobe Bryant 0.16 0.15 0.33 0.36 
Lamar Odom 0.17 0.16 0.23 0.44 

Pau Gasol 0.19 0.17 0.31 0.33 
 

Table 4. The stance identification results for Topic A10 (λ = 60%, β = 0.4 with OBE) 

 E[hi,Magic] E[hi,Lakers] E[hi,Cav] E[hi,Nugget] 

Anthony Johnson 0.36 0.24 0.20 0.20 
Dwight Howard 0.31 0.19 0.30 0.20 
Rashard Lewis 0.42 0.17 0.24 0.17 

Stan Van Gundy 0.30 0.20 0.29 0.21 
Gilbert Arenas~ 0.30 0.20 0.28 0.22 

Kobe Bryant 0.18 0.42 0.17 0.23 
Pau Gasol 0.21 0.37 0.20 0.22 

Phil Jackson 0.22 0.35 0.21 0.22 
Willie White~ 0.25 0.27 0.25 0.23 

Delonte West 0.25 0.17 0.41 0.17 
Lebron James 0.31 0.17 0.34 0.18 
Mike Brown 0.25 0.22 0.32 0.21 
Mo Williams 0.31 0.18 0.32 0.19 

Anthony Carter 0.19 0.26 0.19 0.36 
Carmelo Anthony 0.19 0.27 0.18 0.36 
Chauncey Billups 0.21 0.27 0.22 0.30 

Joel Anthony~ 0.19 0.25 0.19 0.37 

5. CONCLUSION 

A topic that involves different stances or viewpoints usually creates a lot of interest and 
generates a large number of documents. Identifying the stances of the important persons 
mentioned in topic documents can help readers understand a topic quickly. In this paper, 
we define the problem of stance identification of topic persons and propose an effective 
EM method to identify person stances in topics without using external knowledge 
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sources. To solve the off-topic block and text sparseness problems, we incorporate two 
techniques into our EM method. The experiment results demonstrate that the techniques 
can solve the problems effectively. As the EM method is sensitive to model 
initialization, we propose the MaxMin initialization algorithm which yields stable and 
accurate stance identification results. The proposed stance identification method is 
unsupervised, so it can be applied to different domains and can capture the stance 
dynamics without using any external knowledge source. In this paper, the number of 
topic stances is pre-defined. However, in our future work, we will incorporate the 
number of stances into an objective function to determine the appropriate number of 
stances and stance-group members automatically. We will also consider the context 
features of topic persons to improve the quality of person stance identification in topics. 
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