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ABSTRACT

A topic that involves communities with different competing viewpoints or stances is usually reported by
a large number of documents. Knowing the association between the persons mentioned in the documents
can help readers construct the background knowledge of the topic and comprehend the numerous topic
documents more easily. In this paper, we investigate the stance community identification problem where
the goal is to cluster important persons mentioned in a set of topic documents into stance-coherent
communities. We propose a stance community identification method called SCIFNET, which constructs a
friendship network of topic persons from topic documents automatically. Stance community expansion
and stance community refinement techniques are designed to identify stance-coherent communities of
topic persons in the friendship network and to detect persons who are stance-irrelevant about the topic.
The results of experiments based on real-world datasets demonstrate the effectiveness of SCIFNET and
show that it outperforms many well-known community detection approaches and clustering algorithms.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

With the prevalence of telecommunication technologies and the
explosive growth in medium digitization, there are now enormous
amounts of information on the Internet. As a result, people world-
wide can easily obtain information about the latest topics, such
as global economic trends, political events, and sports tournament
results via the Internet. Usually, people are interested in topics
that involve communities with different competing viewpoints or
stances. However, they are often overwhelmed by the large num-
ber of topic documents that cover every detail of different stance
communities. For example, in the topic about the selection of a
new International Monetary Fund (IMF) president in 2011, Google
News! collected hundreds of topic documents that reported the
development of the campaign. Although the documents covered
all perspectives on the topic (i.e., from the interactions between
the candidates to the viewpoints of the general public), readers
generally had difficulty assimilating the enormous amount of infor-
mation in the documents. To ease the burden of reading so many
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topic documents, several topic mining techniques have been devel-
oped. For instance, Nallapati et al. [35] grouped topic documents
into clusters, each of which presents a theme of a topic; Feng and
Allan [22] extracted informative sentences from themes to sum-
marize a topic; and Chen and Chen [5,6] further organized themes
and summaries chronologically to depict the storyline of a topic.
The techniques successfully condense the content of a topic. How-
ever, readers still need to invest a lot of time in digesting the gen-
erated summaries if they are not familiar with the topic.

A topic is basically associated with persons, times, and places
[35]. Learning the associations between the persons mentioned in
a set of topic documents (called topic persons hereafter) can help
readers construct the background knowledge of the topic and di-
gest the information quickly. For instance, in the above mentioned
topic about the new IMF president selection, if readers had known
that Angela Merkel supported Christine Lagarde (i.e., they are de-
tected in the same community), they would have understood why
she said “Christine Lagarde is an ideal embodiment of economics.”

In this paper, we investigate the stance community identifica-
tion problem, which involves clustering topic persons into stance-
coherent communities. For instance, given the documents about
the selection of the new IMF president in 2011, the stance com-
munity identification method discovers communities of persons,
which represent the camps of the different candidates running
for election, as shown in Fig. 1. Identifying stance communities of
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Spain would vote for Carstens with IMF
Latam bloc

..., but the fund's group voting
procedures would oblige it to back
Mexico's Agustin Carstens if he
stands, ....Spain is in a group that has
4.66 percent weighting on the board and
is directed by Mexican Carlos Peréz-
Verdia.

Support the Bank of Mexico

+ Carlos Perez-Verdia

South Africa’s Gordhan Says He Is
‘Surprised’ About G8 Backing for
Lagarde

May 30 (Bloomberg) -- South African
Finance Minister Pravin Gordhan said
European countries conspired "behind >
closed doors"....South African Planning
Minister Trevor Manuel, ..., has called A 3
for a more open appointment process.

v|* Pravin Gordhan |

Oppose to French Minister-of Finance

Support

Christine Lagarde courts India's
support for IMF leadership

David Cameron reaffirmed his support
on Friday for Christine Lagarde to win
the top job at the International Monetary
Fund as the French finance minister said
she is taking her election campaign to
India before heading to China and Brazil
to drum up support....

BRICS Countries Gain Momentum for
IMF Deputy Job, Lavrov Says

A consensus has almost been reached on
selecting the new IMF chief, Russian
President Dmitry Medvedev said at the
Group of Eight summit on May 27.

v |Prime Minister Vladimir Putin the
same day said...

Support the French Minister of Finance

» Angela Merkel J
 Christine Lagarde

- David Cameron |

* Sergei Shvetsov
N+ Dmitry Medvedey]
W Vladimir Putin

eh-European zone candidates.

Fig. 1. The selection of the IMF president in 2011.

topic persons is a new research area, and to the best of our knowl-
edge, only Chen et al. [7,8] have addressed the stance community
identification problem. They proposed using Principal Component
Analysis (PCA) [4]. Specifically, they examine the signs of the en-
tries in the eigenvector associated with the largest eigenvalue to
recognize stance communities of topic persons. The method can
only handle two-stance topics; however, in practice, many topics
involve more than two stances. Here, we present a novel stance
community identification method called SCIFNET (Stance Commu-
nity Identification based on Friendship NETwork), which analyzes a
set of topic documents to identify stance communities and the cor-
responding persons in a topic. First, SCIFNET constructs a friend-
ship network in which the nodes represent topic persons. The co-
occurrence of the persons in the topic documents, the documents’
stance orientation, and the co-neighboring level between nodes
are leveraged to define the friendship strength between persons
(i.e., the edge weights). We model stance community identification
as a community detection task and design an objective function
to evaluate the results. Stance community expansion and stance
community refinement techniques, which are based on the objec-
tive function, are designed to iteratively cluster topic persons into
stance-coherent communities and detect persons that are stance-
irrelevant about the topic of interest. Their convergence proofs are
presented such that the identification result converges to a local
optimum. Evaluations based on real-world topics demonstrate the
effectiveness of SCIFNET, and show that it outperforms well-known
clustering and community detection approaches.

The proposed method has the following advantages over
the current community detection research. First, most iterative
clustering-based community detection methods, such as those in
[20,31,48], would suffer the early merging problems of a node
in a network tending to be merged (clustered) with a commu-
nity simply because it is close to the community’s seed. To get
rid of this type of problem, we design the stance community re-
finement which iteratively refines the detected communities. Sec-
ond, nodes in a social (friendship) network can play different roles.
Differing from the overlapping node, bridge node, and hub node
investigated in [13,14,21], the proposed method is able to iden-
tify stance-irrelevant nodes which stand for persons neutral to the
stances of a topic. Finally, since topic persons may have opposing
orientations, the constructed friendship network could have nega-
tive edges. While several community detection methods, such as
[13,21,32] analyze network structures to infer communities, our
method further examines edge signs to correctly detect stance
communities of topic persons.

The remainder of this paper is organized as follows. In the next
section, we review related works. Then, we describe SCIFNET in
detail, and demonstrate its efficiency in experimental section. Final
section contains our conclusions.

2. Related work

Our research is related to community detection [41]. Given a
network of interests, the community detection task involves iden-
tifying sub-networks, each of which represents a coherent com-
munity [12,24,36,39]. For instance, given a social network, com-
munity detection methods identify groups of people with similar
preferences [41]. The identified communities are useful to compre-
hend various social phenomena, such as epidemic spreading [43],
and human interactions [14,15,40,42]. Basically, the methods parti-
tion a network into sub-networks based on the principle that max-
imizes the association between the nodes in each sub-network,
while minimizing the association between the sub-networks [45].
In the following sub-sections, we review the existing community
detection approaches, namely, the eigen-based community detec-
tion approach and the iterative clustering approach.

2.1. Eigen-based community detection approach

One of the techniques used in the eigen-based approach is
spectral clustering, which exploits the eigenvectors of a Laplacian
matrix [18] to find appropriate partitions of a network. The Lapla-
cian matrix of a network is derived by subtracting the adjacency
matrix A from the diagonal matrix D. The entry g;; in A is 1 if node
i and node j are connected, and 0 otherwise; and the entry d;; in
D is the degree of node i in the network. Shi and Malik [45] mod-
eled image segmentation as a community detection problem. They
represented an image as a network and employed the eigenvec-
tor associated with the second smallest eigenvalue (i.e., the fielder
vector) of the Laplacian matrix to identify significant image seg-
ments. Ding et al. [16] used spectral clustering to cluster a set of
documents and constructed a word-document matrix X in which
the entries are the mutual information [33] between the words
and documents. Then, a document network is constructed by con-
sidering each document as a node. The connection between nodes
is represented by the weighted matrix W =X"X; and the network
is partitioned by using the fielder vector of the matrix W. The au-
thors also introduced the Mcut metric to evaluate the partitioned
network. The metric is integrated with a linkage-based refinement
technique to improve the quality of the network partition.

One limitation of the above methods is that they usually make
balanced cuts when partitioning a network; that is, the communi-
ties detected in the network need to be of a similar size. How-
ever, in practice, communities are of different sizes and magni-
tudes, so the balanced cut requirement is irrational [38,51]. To
overcome this limitation, White and Smyth [51] developed a spec-
tral clustering algorithm that maximizes the modularity [39] of a
network partition. Specifically, given a network partition, the mod-
ularity measures the ratio of the edges within communities to all
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the edges in the network and subtracts the expected number of
connected nodes from the ratio in the same communities. The
larger the value, the better will be the quality of the network par-
tition. White and Smyth formulated the modularity maximization
problem as a quadratic assignment problem and solved it analyti-
cally by using an eigen-decomposition method. The method con-
structs an eigenvector matrix Ug in which the columns are the
eigenvectors of the matrix Ly derived from the modularity max-
imization problem. Then, the row vectors of Uy are clustered by
using the K-means algorithm [33] to find an appropriate network
partition. Newman [38] developed an efficient algorithm to detect
communities in a network. Initially, the algorithm treats a node
as a community and constructs a modularity matrix B, where en-
try B;; denotes the modularity between the community i and the
community j. Next, it examines the signs of the entries in the prin-
cipal eigenvector of B to identify the affiliation of the nodes. To re-
fine the detected communities, i.e., the partitioned sub-networks,
the algorithm then examines the modularity changed by moving
nodes between communities and moves all the nodes that increase
the modularity. Anchuri and Magdon-Ismai [2] investigated signed
networks in which nodes are connected by positive or negative
edges. They modified the modularity to incorporate negative edges
into it and constructed a modularity matrix for a signed network.
Communities are detected by examining the signs in the matrix’s
eigenvector associated with the largest eigenvalue. In addition, a
refinement method based on the modified modularity is developed
to calibrate the membership of the nodes.

2.2. Iterative clustering approach

The other community detection approach is iterative clustering.
Girvan and Newman [24] devised an iterative clustering algorithm
that measures the betweenness of edges to detect communities.
The betweenness of an edge denotes the number of shortest paths
between node pairs that run through the edge. The algorithm it-
eratively decomposes a network by removing the edge with the
largest betweenness until a specific number of communities have
been detected. Subsequently, Newman and Girvan [39] utilized the
modularity they designed to enhance the betweenness-based com-
munity detection method. Meanwhile, Newman [37] developed a
modularity-based community detection algorithm called FastMod-
ularity. Given a network, the algorithm first initializes each node
as a community. Then, it iteratively merges communities until the
modularity of the detected communities reaches a local optimum.
The drawback with using the modularity for community detec-
tion is that the measure ignores missing edges in a community.
In other words, it only measures how well the discovered com-
munity structure fits the existing edges [9]. In reality, it is dif-
ficult to obtain all the information about the analyzed network.
Consequently, informative edges may be missing from the network
and that would degrade the community detection performance. To
resolve the problem, Chen et al. [9] proposed a measure called
Max-Min modularity, which considers missing edges to improve
the quality of community detection. Xu et al. [53] also designed
an iterative clustering algorithm called SCAN (Structural Clustering
Algorithm for Networks) for community detection. Initially, SCAN
computes the ratio of co-neighbors between every node pair. A
node is regarded as the core of a community if the number of high
co-neighbor ratios between it and other nodes is also high. The al-
gorithm expands communities from the identified core nodes by
iteratively integrating the nodes’ neighbors into the communities.
It is noteworthy that the algorithm can identify hub nodes, which
function as bridges to different communities. In social network
analysis, hub nodes may play an important role in viral marketing.
Yang et al. [55] developed an iterative bipartition method called
FEC (Finding and Extracting a Community) for detecting communi-

ties in a signed network. The method first conducts a random walk
on the network to measure the probability of reaching a node. Af-
terward, an adjacency matrix is constructed by sorting the nodes
in accordance with their reaching probabilities. The algorithm then
iteratively identifies a cutting point in the matrix to bipartition the
network such that the positive edges within the partitioned sub-
networks and the negative edges between the sub-networks are
dense. Chen et al. [10] developed the L measure, which leverages
the internal and external degrees of nodes in a community. A de-
tected community is regarded as good if its L value is large. The au-
thors also designed a two-phase algorithm that expands the com-
munities in a network iteratively. The first phase identifies nodes
whose degrees are higher than the average internal degree of a
community. Then, in the second phase, the identified nodes are
merged into a community if their inclusion increases the commu-
nity’s L value. The results of experiments show that the commu-
nities detected by using L are superior to those detected by using
the modularity. Traag and Bruggeman [46] adjusted the modularity
to include the negative edges of a network, and incorporated the
modified modularity into Potts model [52] to detect communities.
Yang et al. [54] integrated the link structure with content analy-
sis for community detection. They introduced a popularity-based
link model to measure the strength of the links between nodes and
employed an iterative EM process to learn the membership of the
nodes. Gao et al. [23] developed a generative model called CODA
(Community Outlier Detection Algorithm) to detect communities
and their outliers in a network. The model uses hidden Markov
random fields [4] to compute the importance of a network struc-
ture. In addition, the nodes in the network are sorted by an objec-
tive function and low-ranked nodes are labeled as outliers. Eustace
et al. [20] invented a two stage algorithm to detect local commu-
nities. In the first stage, the method randomly selects nodes as the
seeds of local communities. Then it employs the alpha-close func-
tion to expand the communities with their close neighborhood. In
the second stage, the local community begins to merge with the
other local community which satisfies the threshold of using the
beta-close function, and then merge together to construct the final
communities.

Recently, a number of studies have started to detect communi-
ties with overlapping nodes [14,17,21,31,49,50]. For instance, Wang
and Li [48] considered a node as a core vertex if the node has
a high degree. They developed a community detection method
which initializes core vertices as community seeds and then em-
ployed an intimate degree function to iteratively absorb new nodes
into the communities. If an absorbed node has the same intimate
degree for two (or more) communities, it will be labeled as an
overlapping node of the communities. Li et al. [31] selected core
vertices by using expert-defined rules and employed the absorb-
ing degree to merge new nodes into existing communities. Sim-
ilarly, a node is deemed as an overlapping node of communities
if the absorbing degrees of the node to the communities are the
same. Cui and Wang [13] extracted communities with overlapping
nodes from a bi-partite network. The authors considered the node
with the minimum degree as a key bi-community, and used the
intimate degree to expand bi-communities with overlapping nodes.
Notably, communities with overlapping nodes can also be detected
by the matrix decomposition methods [19,21] and the maximal
clique extraction techniques [14,15,32].

Our research differs from existing community detection because
the networks analyzed by community detection approaches are
usually pre-defined. In contrast, the friendship networks of topic
persons in our method are derived automatically from topic docu-
ments. Our research further considers friendship orientations, and
identifies friendly and opposing associations between topic persons
in the friendship networks.
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Fig. 2. The system architecture.

3. Methodology

We proposed a stance community identification method,
SCIFNET, which clusters the persons mentioned in topic documents
into stance-coherent communities. Fig. 2 shows SCIFNET’s system
architecture, which is comprised of three components: friendship
network construction, stance community expansion, and stance com-
munity refinement. Specifically, given a set of documents reporting
a topic with K stance communities, SCIFNET first extracts the topic
persons mentioned in the documents. Then, it constructs a friend-
ship network of the topic persons based on the co-occurrence of
the persons in the documents and the stance orientation of the
documents. Next, the stance community expansion process consid-
ers the stance community identification of topic persons as a com-
munity detection task and iteratively expands the K stance com-
munities in the friendship network. In the last phase, the stance
community refinement algorithm improves the identification re-
sult in accordance with an objective function, which measures the
stance coherence of the detected communities. Note that a diffi-
cult issue in community detection is to determine the number of
communities in a network and the issue is generally related to the
optimization research regarding the cardinality of a clustering [33].
Like many community detection methods (e.g., [16,23,54]), we as-
sume that the number of stance communities (i.e., K) is known in
advance and concentrate on designing effective stance community
expansion and refinement operations. Also, at the first attempt to
model topic person stance identification as a community detection

problem, we simply assume that each person belongs to a single
stance. Later, the selection strategy of stance community cardinal-
ity will be discussed and a modified SCIFNET for detecting over-
lapping communities will be also provided. In the following sub-
sections, we describe each system component in detail. We also
show that using the components increases the value of the objec-
tive function such that the stance community identification result
converges to a local optimum.

3.1. Friendship network construction

Let D={d;, dy, ..., dy} be a set of topic documents, and let
P={pi1, pa, ..., Pm} be a set of topic persons mentioned in D.
The friendship network construction generates a friendship net-
work G={P, E}, where the topic persons in P form the network’s
nodes; and E=(p;, p;) is a set of edges that indicate the friend-
ship orientation of the topic persons (i.e., whether the association
between the persons is friendly or opposing). Generally, it is diffi-
cult to discover friendship orientations from text. However, Harris
[26] observed that text units with opposing meanings seldom co-
occur in the same context. In addition, Kanayama and Nasukawa
[28] showed that text units with the same sentiment tend to oc-
cur (not occur) jointly to make the contexts coherent. Hence, the
correlation coefficient [29], which measures the co-occurrence de-
gree of topic persons in D, is probably a good measure for discov-
ering the friendship orientation between topic persons. Neverthe-
less, we found that topic documents sometimes cover controversial
issues. In the documents, people with different stances strongly
criticize each other. Thus, only considering the co-occurrence de-
gree of topic persons in D may overestimate the friendship of ri-
vals and degrade the performance of stance community identifica-
tion. Intuitively, topic persons who frequently co-occur in stance-
friendly (stance-opposing) documents may have a friendly (oppos-
ing) association. To quantitate the stance orientation of a topic doc-
ument, we adopt Turney and Littman [47]'s method and compute
the stance weight of a document as follows:

I1 count (word;,word;) - I1
word ;eFwords word,, eOwords
J k
SWy = lo;
d Z 8 I1 count (word;) - I1

wordjed word ;eFwords wordy eOwords

count (wordy,)

B

count (word;,word,,)
(1)

where swy represents the stance weight of document d; and
Fwords and Owords are, respectively, sets of words with stance-
friendly and stance-opposing semantics compiled by linguistic ex-
perts. The function count(word;, word;) returns the number of doc-
uments in which word; and word; co-occur in our topic corpus. Ba-
sically, the equation utilizes pointwise mutual information (PMI)
to compute the stance weight of a document. The stance weight
swy is positive if d’s content is strongly associated with Fwords,
and negative if the content is strongly associated with Owords. We
design the following stance-oriented correlation coefficient (SOCOR),
which incorporates the stance weight into the correlation coeffi-
cient:

socor (p;, pj)

deD friendry

+ 2

deDgpposing

> W4 (Pid = Pifriendty)* (Pjd = Pj friendiy) /

SWq* (Di.d — Di.opposing) (Pj.a — Pj.opposing)

2
> [«/SWd * (pi.d*ﬁ‘.friendly)]er > [\/ [swql * (Pia *5i,opposing)] *

deDfriendly

2
Z [VSWd *(Dja —5j,fnendly)]2+ Z [\/ [swq| * (pj,d_ﬁj‘nppnsing)] . (2)

deDjrienry

deDgpposing

deDopposing
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where Dpgiongy SD is a set of topic documents whose stance
weight is positive; Doyposing S D is a set of topic documents whose
stance weight is negative; and pjfienqiy and Pjopposing are the av-
erage frequencies of p; occurring in Dfjengyy and Dopposing T€SPEC-
tively. Like the correlation coefficient, the range of socor(p;p;) is
within [-1,1]. It is zero if the occurrences of p; and p; in D are
independent of each other. However, if p; and p; tend to co-occur
in stance-friendly (stance-opposing) documents, the socor(p;,p;) is
positive (resp. negative). Next, we define the friendship orientation
in terms of the stance-oriented correlation coefficient.

Definition 1. The friendship orientation:

The friendship orientation between p; and p; is denoted as
socor(p;,p;) and —1 < socor(p;,p;) < 1.

We utilize SOCOR to construct the edge set E. In addition,
to consolidate relationships between topic persons, we define a
friendship orientation threshold 6. An edge (p;,p;) is established if
socor(p;,p;) > 0 or socor(p;,p;) < —0.

Jeh and Wisdom [27] and Antonellis et al. [3] demonstrated
that the association between nodes in a network is proportional
to their co-neighboring level. In other words, the greater the over-
lap between the neighbors of two nodes, the higher will be the
likelihood that the nodes are associated with each other. In our re-
search, however, edges indicate either friendly orientations or op-
posing orientations. To measure the co-neighboring strength, we
define two types of neighbors, namely, friendly neighbors and op-
posing neighbors.

Definition 2. The Friendly Neighbors:

Let p;eP. The friendly neighbors of p; denoted by Tfienaiy(Pi).
form a set of nodes whose friendship orientations to p; are larger
than 6. Formally, I'frenary(P;) = {p;€P| socor(p;,p;) > 6}.

Definition 3. The Opposing Neighbors:

Let p;eP. The opposing neighbors of p;, denoted by I"gpposing(Di);
form a set of nodes whose friendship orientations to p; are smaller
than —6. Formally, I"ppesing(Pi) = {pjP| socor(p;,p;) < -0}.

In Definitions 4 and 5, we employ the Jaccard coefficient to
measure the friendly co-neighboring strength and the opposing co-
neighboring strength respectively.

Definition 4. Friendly Co-neighboring Strength:

The friendly co-neighboring strength between p; and p; is de-
noted by y(p;,p;):

_ |Ffriend1y(pi) n l-‘friendly(pj)|
|Ffriend1y(pi) U l_‘friendly(pj)| '

v (pi. pj)

Definition 5. Opposing Co-neighboring Strength:

The opposing co-neighboring strength between p; and p; is de-
noted by o(p;,p;):

|Fopposing(pi) N Fopposing(pj)|
|Fopposing(pi) U Fopposing(pj)|

w(pi. pj) =

Clearly, if two nodes share several friendly (opposing) neigh-
bors, their friendly (opposing) co-neighboring strength is strong.
Finally, we combine the friendship orientation with the co-
neighboring strengths, and define the friendship strength, i.e., the
edge weight, as follows.

Definition 6. Friendship Strength:

The friendship strength, denoted by &(p;pj), represents the
weight of edge (p;,p;)-

y(ni,p,v);rw(pi.pj

)
8(pi, pj) = (socor(p;, pj) + 1) +B ifsocor(pi, pj) > 6.

(pj.pj)+e(pi.pj)
8(pi. pj) = —([socor(p;. pj)| +1)1=—L7L)+8,

if socor(pi, pj) < — 6.

For friendly orientations (i.e., socor(p;p;) > ), the friendly and
opposing co-neighboring strengths function as an exponent to am-
plify the friendly relationships between nodes. We utilize a param-
eter B >1 to ensure that the exponent is not less than 1; and we
add 1 to a friendly orientation so that the base is greater than 1.
As the enemies of foes may be friends, the friendship strength of
p; and p; is strong and positive if they have a friendly orientation
and share a lot of friendly and opposing neighbors. If p; and p;
have an opposing orientation (i.e., socor(p;,p;) < —0), their friend-
ship strength is negative. However, p; and p; may not fight against
each other if they have many friends and adversaries in common.
The negative friendship strength is thus diminished if the friendly
and opposing neighbors of p; and p; overlap a great deal.

3.2. The objective function of SCIFNET

After constructing the friendship network of a topic, we identify
stance communities in the network.

Definition 7. Stance Communities:

The stance communities <cq, Cy,..., Cx> form a set of node clus-
ters in the friendship network G such that ¢, € P and ¢y Nep = null
for m#£n.

In general, community detection methods partition the nodes
of a network into clusters (i.e., communities) in accordance with
the principle that maximizes the association between the nodes in
each cluster, while minimizing the association between the clus-
ters [45]. We define the following objective function to identify a
coherent stance community identification result.

K

C= argmax Y >

<O €K community:m Pi.PjeCm.i<j.(p;.p;)eE

3(pi. pj)

K

- X 2

community:m,n,m<n | p;ecm,pjecn.(p;,p;)eE

8(}91',}3]') . (3)

To maximize the objective function, the identified stance com-
munities need to maximize the first term of Eq. (3) and mini-
mize the second term simultaneously. In other words, the stance
community identification method seeks a set of stance commu-
nities that maximize the friendship strength within communities
(the first term of the objective function) and minimize the friend-
ship strength between communities (the objective function’s sec-
ond term).

3.3. Stance community expansion

Fig. 3 shows the proposed stance community expansion algo-
rithm, and Fig. 4 provides an example of stance community ex-
pansion. In the algorithm, the symbol Py, gpeeq F€Presents a set of
unlabeled nodes (i.e., topic persons). Initially, Pyqpeled = P; that is,
all nodes are unlabeled. The algorithm randomly selects K nodes
as the seeds of stance communities and expands the communities
iteratively by merging unlabeled nodes. In each iteration, a set of
unlabeled nodes U that connect directly to a stance community are
identified (i.e., U= {p; € Pynigetea | (PiD;) € E. Pj € ¢, 1 <k <K}). Each
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The Stance Community Expansion Algorithm:

Punlnbcled =P

havePositiveMergingScore = true

havePositiveMergingScore = false

for each p; in U do

SCOTemax = MAX MS; i
CKEZ; 4

if score,,,,>0 then

Puntavetea™ Puntabeted\ 1Pi}

end if
end for
end while
return C={c,,¢,,...,cx}

randomly select K nodes from P,,,;,p...qt0 form the seeds of {c, ¢, ..., cx}

// for all unlabeled nodes, discover their communities
while ( P, upeica?9 & havePositiveMergingScore) do

// the set U contains the unlabeled node that has connection to the labeled node
U= { pi€Putaveted (Pi,Pj)EE» Pi€Cp 1<k<K}

// the set Z; contains the stance community that the unlabeled node p,directly connected to
Z;= {c) (pwp)€E, pjecy, 1<k<K}

COMMUNItYmqy = argmax ms; y
CkEZ; g

// the unlabeled node p; will belong to the community with the maximum merging score

Ccommunitymay = Ccommunitymay Y {ni}

havePositiveMergingScore = true

Fig. 3. The stance community expansion algorithm.

— Friendly edge A \
Opposing edge A
—> Expanding direction

N, Py ,’
‘\\E'z s se;df P

Fig. 4. An example of stance community expansion.

node p; in U is then examined to determine an appropriate com-
munity label for it. Let Z; denote the set of stance communities
that the unlabeled node p; is connected to directly; that is, Z; = {c;
| (pi.pj) €E, pjecy, 1 <k<K}. For instance, Z4 shown in Fig. 4 com-
prises communities ¢; and c;. We compute the merging score for
each of the stance communities ¢ in Z; as follows:

2

pjeck.(pi.pj)eE

ms;y = 3(pi. pj)- (4)

where ms;  is the score of merging p; with c. Basically, the merg-
ing score is the sum of the edge weights associated with p; and
stance community c;. Intuitively, merging p; with a community
that has a positive merging score should produce a stance-coherent
community. When more than one community has a positive merg-
ing score, the algorithm merges p; with the stance community
that has the maximum merging score. Below, we show that the
step provides the most benefit for the objective function. Note that
the merging score is negative if most of the nodes in ¢, have
an opposing friendship to p;. Because merging p; with a stance-

opposing community is inappropriate, the algorithm revokes the
merge operation if the maximum merging score is negative. The
algorithm iteratively expands stance communities until all the un-
labeled nodes in the friendship network are merged or no unla-
beled node has a positive merging score with any stance com-
munity. Then, it returns a stance community identification result
which will be polished by the stance community refinement algo-
rithm.

The following cases show how the merge step of the algorithm
benefits the objective function. In the first case, |Z;j|=1 and the
merging score of the connected stance community is positive?.
Here, p; is merged with the connected stance community. Because
there is no other connected stance community, the merge oper-
ation will not change the second term of the objective function.
Moreover, the operation increases the first term of the objective
function by the positive merging score, so it benefits the objec-
tive function. In the second case, |Z;| > 1 and the maximum merg-
ing score is positive>. Next, we show that merging p; with the
stance community that has the maximum merging score provides
the most benefit for the objective function.

Proof. Let |Z;]| =k, and let k> 1. We have a sequence of merging
scores (ms;y, ms;y, ..., msjy) for the stance communities in Z;. Let
ms;; > ms;»>...>ms;; and let ms;; > 0. The stance community ex-
pansion algorithm merges p; with ¢;. The inequality ms;; > ms;,
holds for any stance community ¢, in Z; if n# 1. In other words,
Z 3(pi. pj) > Z 3(pi. pj)- (5)
pjec pjECn

Because Z; has been determined, the summation of (ms;y, ms; ,,
.o mSip) (e, Ty _ 11 ¢ ms;) is a fixed value. The inequality
ms;; = ms;, also implies that

Z ms;; < Z ms;

1#1 I#n

(6)

2 We exclude the case where |Zj|=1 and the merging score is negative. This is
because the algorithm will not merge p; with any stance community.

3 We exclude the case where the maximum merging score is negative because
the algorithm will not merge p; with any stance community.
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— Friendly edge
Opposing edge

Fig. 5. An example of stance community refinement.

That is,
DX 8= > D 8(pipy) (7)
[=2 to k Pj€C 1=1 to k,I#n PjsC;

or

- > > 8pip)=—

1=2 to k PjeC;

> > 8 py). (8)

I=1 to k,I#n PjeC;

By combining Egs. (5) and (8), we have

D 8ip)— Y. Y 8pip)= Y 8(pip))

pjec [=2 to k PjeC pPjctn

- > ) 8pipy). )

I=1 to k,I#n PjeC;
O

The above inequality indicates that if the unlabeled node p; is
associated with more than one stance community, the stance com-
munity expansion algorithm will merge p; with the community
that benefits the objective function the most.

3.4. Stance community refinement

The stance community expansion algorithm iteratively expands
stance communities from the seed nodes. In some cases, a node
is merged with a stance community simply because it is close to
the community’s seed. However, it may be better to merge the
node with some other community. For instance, node ps in Fig. 5
is merged with community ¢, even though it is strongly associ-
ated with community c;. Also, the expansion result depends on
the quality of the seeds. To minimize the effect of the above “early
merging” problem and to lessen the influence of the seed initializa-
tion, we developed the following stance community refinement al-
gorithm. The algorithm refines the communities iteratively. In each
iteration, it identifies a set of boundary nodes Ppgndqry < P. Each
node in Ppyy;4qry belongs to a stance community and also connects
to some other stance communities. In other words, Pyoyndary = {P;
| (pipj) €E, pi€cm, pjecn, m#n}. The algorithm re-clusters each
boundary node to the stance community that produces the maxi-
mum merging score. It continues to identify and cluster boundary
nodes until Ppyy,dqry is empty or the identification result is stable;
that is, no boundary node re-clustering benefits the objective func-
tion value and the value of the objective function converges to a
local optimum.

Basically, our stance community refinement is a hill-climbing
algorithm in that it iteratively improves the stance community

identification result. However, to guarantee that a hill-climbing al-
gorithm reaches a local optimum, we need to prove that each iter-
ation of the algorithm monotonically increases (decreases) the ob-
jective function value [25,33,44]. Below, we prove that the value of
the objective function increases monotonically in each boundary
node re-clustering operation.

Proof. Let p; be a boundary node. As a boundary node belongs to
a stance community and also connects to some other stance com-
munities, |Z;| must be greater than 1. That is, |Z;] =k > 1. Let (ms;,
ms;y, ..., ms;,) be the merging scores of the stance communities
in Z;, and let ms;; >ms;, > ... > ms;;. In addition, let ¢; € Z; be
the stance community that p; currently belongs to. The inequality
ms;; = ms;, holds. In other words,

Z 3(pi. pj) > Z 3(pi. pj)- (10)
pjec pjecn

Because Z; has been determined, the summation of (ms;y, ms;,
e MSi) (e, X1 k ms;;) is a fixed value. The inequality
ms;; > ms;, also implies that

sti,l < sti,l (]1)

1#1 I#n
That is,
> > 8ipp = Y. > 8(pip)) (12)
[=2 to kPjeC; I=1 to k,I#n PjeC
or

- Y Y sip)=— > D 8(pipy. (13)

1=2 to k PjeC; I=1 to k,I#n PjeC;

By combining Eqs. (10) and (13), we have

Y 8pupp)— Y. Y. 8(ipp) =Y 8(pipy)

pjec =2 to k Pj€C Pj€Cn

- Z ZMP:%P;‘) (14)

I=1 to k,I#n PjeC;

Similar to the proof of stance community expansion, the above
inequality indicates that the stance community refinement always
re-clusters p; into the community that benefits the objective func-
tion the most. The inequality also implies that

D 8pup)— Y, Y. 8Mip) -1 8(pipy)
Pj€c [=2 to kPjeC Pj€Cn

- Y > 8pippl=0 (15)

I=1 to k,I#n PjeC;

The left-hand side of the inequality is equivalent to the vari-
ation in the objective function when p; is re-clustered. Note that
the variation is always non-negative. In other words, re-clustering
the boundary nodes in Pyypqqry increases the value of the objective
function monotonically. Because the set of possible stance commu-
nity identification results is finite, the stance community refine-
ment algorithm will eventually find a local optimum [25,33,44]. O

3.5. Stance-irrelevant topic person detection

A person mentioned frequently in topic documents may be ir-
relevant to the topic stances. For instance, in the topic about the
2012 French Presidential Election, U.S. President Barack Obama, one
of the most influential people in the world, was frequently men-
tioned in the topic documents because journalists liked to ana-
lyze his attitude toward the candidates. However, President Obama
showed no preference to any camp. SCIFNET can detect stance-
irrelevant topic persons, which are defined as follows.

Definition 8. Stance-irrelevant Topic Persons:
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The Stance Community Refinement Algorithm:

input: C = {cy, ¢y, ..., Cx}

Coa={}

while (C #C,;) do
Coa=C
Phoundary = {PilsP) €E . PiECy, PrEC,, m#n}
if Pyoundary = ¢ then
break

end if

// largest merging score

for cach p; in Pyyyugery do

7= {cl(pup))<E, preci, 15k<K}
score. = max ms;
max ckez; ik

COMMUNItY,,,, = argmax ms;
c€zp

if Ccommunitymax * Coriginal then
Coriginal = Coriginal\{pi}

end if
end for
end while

return C={c,,c»,...,Cx}

// For each node which connects to more than one community, re-assign it to the community with the

Coriginal = the community that p; belongs to

Ccammunitymax = Ccammunityma,, U {pi}

Pboundary = Pboundary\ i}

Fig. 6. The stance community refinement algorithm.

Stance-irrelevant topic persons form a set Pjiejevant = {Pi€P|
pi¢c 1 <k<K}.

In other words, a topic person is stance-irrelevant if he/she does
not belong to any stance community. SCIFNET classifies two types
of nodes as stance-irrelevant because they cannot be merged with
a stance community. The first is the set of outliers which have
no connections to other nodes in a network [53]. The nodes are
stance-irrelevant because they do not show connections with any
stance community. The second type comprises nodes that have
connections with stance communities; however, most of the con-
nections are with communities that have opposing associations
with the nodes. Because the merging scores of the connected com-
munities are negative, the nodes cannot merge with any stance
community.

Technically, we can increase the value of the objective function
by merging a node that belongs to the second type with a com-
munity that does not have any connections with the node. For
instance, merging node pyo in Fig. 7 with ¢, increases the value
of objective function by 1.5. Even if the node connects to every
stance community, the value of the objective function can still be
increased by merging the node with the community that has the
minimum negative merging score. For example, merging node pig
in Fig. 7 with c; increases the objective function value by 2.1. The
above strategies increase the value of the objective function be-
cause they reduce the friendship strength between stance commu-
nities, i.e., the second term of the objective function. However, al-
though the two strategies are mathematically correct, merging a
node with a community that does not have any connections or
with the community that has the minimum negative merging score
is irrational. Hence, in this study, we do not merge the second type
of nodes.

In a future work, we will incorporate other information to han-
dle the second type of nodes and refine the detection of stance-
irrelevant topic persons.

— Friendly edge
Opposing edge

Fig. 7. An example of the associations of stance-irrelevant persons.

3.6. The computational complexity

In this section, we analyze the time complexity of friendship
network construction, stance community expansion, stance com-
munity refinement, and stance-irrelevant topic person detection,
which are the major components of SCIFNET. We also present the
total time complexity of SCIFNET. The friendship network con-
struction examines every person pair to measure their stance-
oriented correlation coefficients and co-neighboring levels, whose
time complexities are O(N) and O(M), respectively. As there are
M2 person pairs in a given topic, the overall cost of the friend-
ship network construction is O(M? + NM?). Generally, the number
of topic documents (i.e., N) is relatively larger than that of topic
persons (i.e.,, M). Hence, the complexity of the construction pro-
cess is O(NM?2). The stance community expansion is based on the
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The Modified Stance Community Expansion Algorithm for Detecting Overlapping Stance Communities
Puniabetea = P
randomly select K nodes from P,,,,;,5.14 to form the seeds of {c,, ¢, ..., cx}
havePositiveMergingScore = true
// for all unlabeled nodes, discover their communities
while ( P, upe10a 7@ & havePositiveMergingScore) do
havePositiveMergingScore = false
//the set U contains the unlabeled node that has connection to the labeled node
U= { pi€Pyiavelea | (Pi-P) EE, pi€cy, 1<k<K}
for each p; in U do

// the set Z; contains the stance community that the unlabeled node p; directly connected to

Z;= {c)l (i) €EE, pjecy, 1<k<K}
pms; = {c, | cx € Z; and ms; ;, >0}
score; = Y, epms, MSik
COMMUNILY g0 = D

for each c; in pms; do

end if
end for

if (|community e, .[>0) then

end if

merged = false

for each c; in community,,e,y, do
= c Uip}d
merged = true

end for
if (merged) then
Puntabeted = Puntabeded\{Pi}
end if
end for
end while

return C={c,,Cy,...,Cx}

if(msi'k/score,- > mergedThreshold) then

communitymerge = communityme,ge U ¢

havePositiveMergingScore = true

Fig. 8. The modified stance community expansion algorithm for detecting overlapping stance communities.

proposed merging score which computes the association of a node
to a stance community. The complexity of the merging score calcu-
lation is O(M) as it needs to examine every node of the connected
stance communities. Therefore, the overall complexity of the pro-
cess is O(M?). The stance community refinement is also based on
the merging score, and iteratively refines each node’s stance until
the refinement converges to a local optimum. Letting T be the it-
eration number, the cost of the stance community refinement is
O(TM?). As mentioned in Section 3.5, the stance-irrelevant topic
persons are the nodes that have no connection to other nodes in
a friendship network. To detect those nodes, we have to examine
all nodes in the constructed friendship network. The complexity of
the operation is therefore O(M). In sum, as mentioned earlier, N
dominates the value of T and M, so the total time complexity of
SCIFNET is O(NM?2).

3.7. SCIFNET for overlapping stance communities

In many topics, it is possible that a person belongs to more than
one stance community. Hence, we present a variant of SCIFNET
for detecting overlapping stance communities. Figs. 8 and 9 re-
spectively show the modified stance community expansion and re-

finement algorithms. The main difference to the algorithms men-
tioned in the previous sections is in the way they merge a node.
Rather than assigning a node to the stance community that has a
maximum merging score, the modified algorithms merge the node
with all the communities whose merging scores are above a pre-
defined threshold. Specifically, let variable pms; be the set of stance
communities that have a positive merging score with node p; The
sum of the positive merging scores score; is used to normalize the
merging scores. For each stance community in pms;, if the normal-
ized merging score is larger than the merging threshold, we assign
p; to the stance community. In this way, p; can belong to multiple
stance communities.

3.8. The cardinality of stance communities

Selecting the appropriate number of communities (clusters) is a
difficult and on-going research issue [33]. In practice, the value of
K can be determined by experts who are familiar with the investi-
gated topic. However, if the number of stance communities cannot
be manually assigned, the following strategy is presented to deter-
mine the cardinality of stance communities. The cardinality strat-
egy initiates the number of stance communities (i.e., K) with 2.
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The Modified Stance Community Refinement Algorithm for Detecting Overlapping Stance Communities

// For each node which connects to more than one community, re-assign it to the community with

communitymerge = COMMUNItYmerge Y Ck

input: C = {cy, ¢, ..., cx}
Coa= 1}
while (C #C,;;) do
Coa=C
Proundary = {Pil(PsP) €E , i€, pjECy, m#n}
if Pyoundary = ¢ then
break
end if
// the largest merging score
for each p; in Pyoyundary d0
Z; = {cil(pip) €E, piecy, 1<ksK}
pms; = {C | ¢y € Z; and ms; ;> 0}
score; = Y, cpms; MSik
COMMUNILY ygrge = D
for each ¢, in pms; do
if (™" /score; > mergedThreshold) then
end if
end for
if (|community,,e,q./>0) then
havePositiveMergingScore = true
end if
merged = false
for each c; in community,,e,q. do
= Uip}
merged = true
end for
if (merged) then
Puniaetea = Puntasedea\{Pi}
end if
end for
end while
return C={cy,¢y,...,Cx}

Fig. 9. The modified stance community refinement algorithm for detecting overlapping stance communities.

Next, it iteratively executes the stance community expansion and
refinement algorithms such that each iteration increases the com-
munity number K by 1. The iteration stops when the remaining
nodes (i.e., the nodes belonging to no community) have no posi-
tive merging score or when they are isolated nodes. Then, a stance
identification result is returned and the corresponding K denotes
the number of stance communities.

4. Experiment

In this section, we introduce the data corpus used in the exper-
iments; demonstrate the effectiveness of each system component;
and compare our method’s performance with those of other well-
known community detection methods and clustering algorithms.
Then, we present a stance community identification result and dis-
cuss the stance-irrelevant persons detected by our method.

4.1. Dataset

Stance community identification is a relatively new research
area. To the best of our knowledge, there is no official corpus

for the subject; hence, we compiled a data corpus* for evalua-
tions. The corpus comprises 30 topics and 4996 topic documents,
all downloaded from the Google News. The collected topics cover
three domains, namely sport, business issues, and political elec-
tions; and each topic involves about four competing stance com-
munities. We also asked human experts to manually filter out irrel-
evant documents to ensure that the experiment documents are on-
topic. To extract important topic persons mentioned in the topic
documents, we used the well-known Stanford Named Entity Rec-
ognizer®, which tags the person names in an input text. The rec-
ognizer extracted 6648 unique person names for all the topics.
We found that a large number of the person names rarely ap-
peared in the topic documents; and the frequency distribution fol-
lowed Zipf's law [56]. In other words, there were very few fre-
quent person names. Moreover, as there is no perfect named en-
tity recognizer, several of the infrequent person names were incor-
rect or ambiguous (e.g., a string intermixed with the name of an

4 Due to the length limitation, we established a web page at http://weal.im.ntu.
edu.tw/SCIFNET.html which details titles, descriptions, number of documents, and
stances of the evaluated topics.

5 http://nlp.stanford.edu/software/CRF-NER.shtml
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Table 1

The statistics of evaluated corpus.
# of topics 30
# of topic documents 4996
Avg. # of documents per topic 166.53

Avg. # of stance communities per topic 3.97

# of extracted topic persons 6648

A =50% A =60% A=70%
# of evaluated topic persons 459 647 897
Avg. # of evaluated topic persons per topic 153 21.57 299

organization and the name of a person). To assess our method’s
performance accurately, for each of the evaluated topics, we re-
moved the false person name entities and only evaluated the
first frequent person names whose accumulated frequency reached
A =50, 60, and 70 percent of the total frequency of all the ex-
tracted person names. The average number of evaluated person
names under each setting of A is shown in Table 1. All the names
represent important topic persons.

We asked experts to group the evaluated topic persons into
stance communities and establish a reliable ground truth for the
performance evaluation. The kappa statistic which assesses the
agreement between the experts is 74.73% and is good enough to
conduct reliable evaluations. For the performance evaluation, we
used the rand index [33], an important clustering evaluation met-
ric, because the stance community identification method groups
topic persons into clusters (i.e.,, communities). There are 1108,234
person pairs in the dataset. The rand index measures the percent-
age of all person pairs that are clustered correctly (i.e., if two per-
sons with the same stance are placed in the same community or
two persons with different stances are placed in different com-
munities). The higher the score of the rand index, the better the
stance community identification performance. In addition, we also
represented the other information-theoretic metric named normal-
ized mutual information (NMI) [33] which calculates the mutual
information between the clusters and the classes, and was divided
by the average of the entropy of the clusters and the classes. This
metric can also reflect the quality of the clustering because it takes
the quality of the clustering and the number of cluster into consid-
eration [33]. Similar to the rand index, the higher the score of the
NMI, the better the quality of the clustering. Because the stance
community expansion algorithm depends on seed initialization, we
randomly initialize our method twenty times. The rand index and
NMI scores of all the evaluated topics over the initializations are
averaged to obtain the overall stance community identification per-
formance. For stance-irrelevant persons detected by the method,
we measure their correctness in terms of the F1 score [33], which
is the harmonic mean of the detection precision and the detection
recall. The score is widely used to evaluate the overall effectiveness
of a detection system.

4.2. System component analysis

4.2.1. Friendship orientation threshold

First, we consider the parameter 6, which is the threshold of
friendship orientation used to establish the edges in a friendship
network. In this experiment, 6 is set between 0.1 and 0.9, and in-
creased in increments of 0.1. Table 2 shows the lists of Fwords and
Owords compiled by two linguistic experts. The stance word lists
are used by the stance-oriented correlation coefficient (i.e., Eq. (2))
to compute the stance weight of a topic document. The parameter
B, used by the friendship strength calculation (i.e., Definition 6),
is set at 1. We discuss B and examine the effects of Fwords and
Owords later. Figs. 10-15 show the rand index and the NMI scores
under different settings of & and A. For each setting of 6, we
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Fig. 10. The effect of parameter € on rand index under A =50%.
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Table 2
The lists of Fwords and Owords.
Domain Business issues Political elections Sports
Stance-friendly word - support cooperate teammate
Fwords
member support like
push help lead
agreement member best
help good good
share team need
approve work great
benefit partner help
partner advocate together
consensus friend offend
Stance-opposing word - criticize campaign win
Owords
rival opposite lose
damage rival beat
rape fraud defend
fight accusation against
campaign contest finish
abuse lost end
strike beat guard
reject debate defense
defend defeat hit
The effect of parameter 6 (1 = 70%)
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Fig. 14. The effect of parameter 6 on rand index under A =70%.
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Fig. 15. The effect of parameter & on NMI under A = 70%.

examine stance community expansion and stance community re-
finement techniques (denoted as SE+SR) in terms of the rand in-
dex. We also compare the performance based on stance commu-
nity expansion only (denoted as SE), i.e., without stance commu-
nity refinement.

As shown in the figures, the two metrics decreases as A in-
creases. A large A implies that the stance community identifica-
tion is difficult because the setting would include the infrequent
topic persons in the stance community identification process. As
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Fig. 16. The F1-score/ratio of the detected stance-irrelevant persons under A = 50%.
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Fig. 17. The F1-score/ratio of the detected stance-irrelevant persons under A = 60%.
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Fig. 18. The F1-score/ratio of the detected stance-irrelevant persons under A = 70%.

the construction of a friendship network is based on the occur-
rence of topic persons in the topic documents, including infre-
quent persons would reduce the quality of the network and there-
fore affect the stance community identification performance. Basi-
cally, the two metrics increases as the value of 6 increases because
a large 6 filters out insignificant friendships between persons to
improve the quality of the friendship network. When 6 is greater
than 0.4, the scores of the metrics drop gradually. Connections can-
not be established between nodes when 6 is large. As a result, the
friendship network is too sparse to represent informative associ-
ations between persons and the stance community identification
performance is inferior. It is noteworthy that SE+SR performs bet-
ter than SE. The result demonstrates that stance community re-
finement resolves the “early merging” problem and the influence of
the seed initialization in stance community expansion and there-
fore improves the stance community identification performance.
Figs. 16-18 show the F1 scores of stance-irrelevant topic per-
son detection under different parameter settings. They also show
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Comparison of the edge weighting strategies
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Fig. 19. Comparison of the edge weighting strategies under A = 50%.

the corresponding stance-irrelevant person ratio, which is the frac-
tion of topic persons considered stance-irrelevant by our method.
Note that the number of stance-irrelevant topic persons detected
by SE+SR is the same as that detected by SE. This is because stance
community refinement only re-clusters merged boundary nodes,
so using it does not affect the stance-irrelevant topic person de-
tection result. For ease of presentation, we only show SE+SR’s F1
score and the stance-irrelevant topic person ratio. The F1 scores in
the figures are inferior (around 0.2) because the number of stance-
irrelevant topic persons in the evaluated topics is small. Hence, a
misjudgment of the stance-irrelevant topic persons would reduce
the F1 score significantly. The poor F1 scores also indicate that de-
tecting stance-irrelevant topic persons is very difficult. Neverthe-
less, the scores are still superior to those of many of the commu-
nity detection methods evaluated in the following experiments. As
shown in the figures, a small 6 value (e.g., 6 =0.1) always pro-
duces a poor F1 score. The reason is that the friendship network
constructed by a small 6 contains many weak friendship edges
that cause our method to merge a stance-irrelevant person with
a stance community. Increasing the value of & would improve the
stance-irrelevant topic person detection performance, but setting
it too high (i.e., higher than 0.5) would yield a sparse friendship
network. Thus, many important topic persons are incorrectly clas-
sified as isolated nodes, which increase the stance-irrelevant topic
person ratio. The corresponding F1 score is inferior because most
of the detected stance-irrelevant persons are false alarms.

In summary, a large 6 increases the ratio of stance-irrelevant
topic persons and decreases the rand index and the NMI scores
of stance community identification. Setting € at 0.2 generally pro-
duces good scores for both metrics and F1 scores while maintain-
ing a low stance-irrelevant person ratio. Therefore, we set 6 at 0.2
in the following experiments.

4.2.2. Edge weight evaluation

Next, we discuss the friendship strength (FS), which combines
the friendship orientation (FO) and the co-neighboring Jaccard co-
efficient (JACCARD) to compute the weight of a network edge. We
evaluate the friendship strength by comparing it with its two con-
stituents. In addition, we assess parameter 8, which ensures that
the friendship strength’s exponent factor is not less than 1. As
shown in Figs. 19-21, the metrics’ scores under different settings of
B are very similar. The results imply that the proposed friendship
strength is insensitive to the setting of S. Nevertheless, setting 8
at 1 usually yields a superior performance, so we use the setting
in the following experiments. Surprisingly, the identification per-
formances based on the co-neighboring Jaccard coefficient are in-
ferior. This is because the approach tends to underestimate the as-
sociation of topic persons. For instance, if two persons do not have
a common neighbor, the weight of the edge between them is zero
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Fig. 21. Comparison of the edge weighting strategies under A = 70%.

even if they co-occur frequently in the topic documents. It is note-
worthy that applying the two constituents together (i.e., the pro-
posed friendship strength) achieves the best performance. As the
constituents measure the association between nodes from differ-
ent perspectives, applying them together identifies the friendship
between topic persons accurately and therefore improves the sys-
tem'’s performance. For example, in the sports topic “the 2011 NBA
Conference Finals,” if we simply employ the friendship orientation,
the edge weight between Jason Terry and Shawn Marion, who are
teammates of Dallas Maverick, would only be 0.280442. By com-
bining the co-neighboring Jaccard coefficient with the friendship
orientation, the edge weight increases to 1.448904. The improve-
ment corresponds with the results reported by Jeh and Wisdom
[27] and Antonellis et al. [3] who demonstrated that the associa-
tion between nodes is proportional to their co-neighboring level.

4.2.3. Stance-oriented correlation coefficient evaluation

Next, we evaluate the stance-oriented correlation coefficient
(i.e., SOCOR defined in Eq. (2)). The stance-oriented correlation co-
efficient enhances the traditional correlation coefficient (denoted
as COR) by considering a document’s stance weight, which is com-
puted by using Turney and Littman’s PMI method with the stance
words listed in Table 2. Here, we compare our stance-oriented cor-
relation coefficient with the traditional correlation coefficient. Tur-
ney and Littman also compiled a semantic orientation word list
and used it to determine the semantic orientation of a text unit.
To demonstrate the effect of our stance word list, we also compare
the system’s performance using the semantic orientation word list.

SOCOR outperforms COR, as shown in Figs. 22-24. The results
demonstrate that the stance orientations of topic documents are
informative for identifying the friendship orientation of topic per-
sons. Notably, SOCOR with the semantic orientation word list is in-
ferior. This is because the list is used to identify text units that
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Fig. 22. Comparison of the correlation coefficient approaches under A = 50%.

Comparison of the edge weighting strategies
(4 =60%, Rand Index/NMI)

0.75
0.7
0.65
0.6 —
0.55
0.5
045 ——
0.4
035 —
0.3

ERI
ENMI

77

%%

W%

7
7

COR SOCOR(Our list)  SOCOR(Littman's list)

Fig. 23. Comparison of the correlation coefficient approaches under A = 60%.
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Fig. 24. Comparison of the correlation coefficient approaches under A = 70%.

convey positive or negative meanings, and the meanings may not
reveal whether the associations between persons are friendly or
opposing.

4.2.4. Overlapping stance community evaluation

In this section, we demonstrate the performance of our overlap-
ping stance community identification. Figs. 25-27 show that the
stance community identification performances are inferior when
the merging threshold is high. This is because a high threshold will
divide the members of the same stance community into different
clusters, which deteriorates the system performance. Although re-
laxing the threshold generally improves system performance, a low
threshold would result in noisy stance communities in which per-
sons belonging to different communities would be merged. It is in-
teresting to note that the performances presented here are inferior
to those in the above experiments. This is because the topics we

SCIFNET with Overlapping Communities (4 = 50%)
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Fig. 25. SCIFNET with overlapping communities under A = 50%.
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Fig. 26. SCIFNET with overlapping communities under A = 60%.

SCIFNET with Overlapping Communities (4 = 70%)

0.7 4
0.6 -
0.5 4
0.4 -
0.3 4
0.2 4
0.1 -

E Rand Index
ENMI

01 02 03 04 05 06 07 08 09
Merging Threshold

Fig. 27. SCIFNET with overlapping communities under A = 70%.

Table 3
The performance of the cardinality strategy.

A # of the returned stance The rand index/NMI values of
communities identified results

50% 2.467 0.6230/0.4286

60% 4.2 0.6702/0.4430

70% 7.2 0.5582/0.3316

evaluated do not have overlapping communities. The performances
of the overlapping stance identification thus are poor when topic
persons are assigned to more than one stance community.

4.2.5. Cardinality strategy evaluation

Finally, we evaluate the cardinality strategy presented in
Section 3.8. Table 3 shows the performance of the cardinality strat-
egy and the number of the returned stance communities. When

Y i csree e e

Jaded awraadedaaay



44 Z.-Y. Chen, C.C. Chen/Knowledge-Based Systems 110 (2016) 30-48

A =50%, the number of the returned stance communities is less
than the actual community number, i.e., 4. This is because the
evaluated topic persons under A =50% are popular such that they
tend to connect to each other in the constructed friendship net-
work. The strategy thus incorrectly merges stance communities.
When A increases, less popular topic persons are included in the
friendship network and the network becomes sparse. This sparsity
in turn leads to a high cardinality that affects the stance identi-
fication performance. It is noteworthy that for under A =60%, the
strategy returns a good stance cardinality that the corresponding
performances are comparable to those produced by fixing K at 4.

4.3. Comparison with other methods

4.3.1. Stance community identification evaluations

In this sub-section, we compare SCIFNET with 10 well-known
community detection methods: FastModularity [37], SCAN [53],
FEC [55], CODA [23], the signed modularity method (SM) [2], the
seed-based intimate degree method (SID) [48], the seed-based ab-
sorbing degree method (SAD) [31], BASH [15], the maximal sub-
graph clustering coefficient method (MCC) [14], and the («, B)-
close method [20]. The methods require an input network. To en-
sure that the comparisons are fair, all the community detection
methods run on the friendship networks generated by our method
and partition each network into K communities. Note that the
number of communities detected by SM sometimes is less than
K. This is because the method detects communities according to
the signs of the entries in the principal eigenvector. It stops com-
munity detection if the entry signs are all the same. Also note
that SM and FEC are designed for signed networks. FastModularity,
SCAN, CODA, SID, SAD, BASH, MCC, and (&, f)-close assume the
analyzed networks are unsigned and examine the link structures
to detect communities. Our friendship networks contain negative
edges. To reduce the influence of negative edges on the methods,
we also run the methods on the friendship networks without neg-
ative edges. We use the suffix “-neg” to indicate the result with-
out negative edges. For instance, SCAN-neg stands for the result of
SCAN on the friendship networks without negative edges. In SCAN,
the clustering parameters ¢ and u are set at 0.5 and 2 respectively,
as suggested by [53]; the link importance parameter of CODA is set
at 0.2, as suggested by [23], and the parameter [ of FEC is set at 10,
as suggested by [55].

We also compare two popular clustering algorithms, namely, K-
means [33] and HAC [34]. Both algorithms represent a topic per-
son as an N-dimensional frequency vector in which an entry indi-
cates the frequency that a topic person occurs in a topic document.
To measure the association of topic persons, we utilize the cosine
similarity [33] which is frequently used to determine the similarity
of frequency vectors. For HAC, we consider four well-known cluster
similarity strategies, namely, single-link, complete-link, average-
link, and centroid-link strategies. In addition to the above meth-
ods, we compare a baseline method that clusters topic persons
randomly. As the clustering results of CODA and K-means depend
on their initializations, we randomize both methods twenty times
and select the best, worst, and average results for comparison.

Table 4 shows the comparison results. All the compared meth-
ods perform better than the baseline, and our method achieves the
best stance community identification performance. We observed
that HAC and K-means tend to cluster popular topic persons to-
gether. This is because the cosine similarity is the inner product
of two normalized frequency vectors [33], and it tends to yield a
high similarity score if the calculated vectors contain many non-
zero entries. As popular topic persons occur in many topic docu-
ments, the corresponding normalized frequency vectors contain a
lot of non-zero entries. The clustering methods therefore overesti-
mate the association of popular topic persons and group popular,

but stance-different, persons together, which degrades the meth-
ods’ performance. The inferior performance of HAC's single-link
strategy is caused by the above defect because the strategy calcu-
lates the similarity of two clusters (i.e., communities) by examining
the most similar person pair in the clusters. As a result, the strat-
egy merges clusters containing popular persons even if the clusters
represent different stances. In contrast, our method measures the
association of topic persons in terms of the stance-oriented cor-
relation coefficient and co-neighboring strength. Unlike the cosine
similarity, the stance-oriented correlation coefficient considers how
the occurrences of two topic persons vary jointly in a set of topic
documents associated with stance orientations, thus being able to
correctly measure the association of popular topic persons. For in-
stance, in the political topic “the 2012 Korean presidential elec-
tion,” the friendship strength of Park Geun Hye and Park Jie-won,
who represented different parties in the election, is —2.11474, but
their cosine similarity is 0.984483. It is noteworthy that FastMod-
ularity, SCAN, and CODA perform better when the negative edges
are removed from the friendship networks. As the methods are de-
signed for unsigned networks, negative edges would distract their
detection results. The FastModularity algorithm merges nodes into
communities in terms of the modularity measure, which tends to
merge communities that are connected by several edges. However,
the measure ignores the edge weights of nodes. Many of the con-
nected edges have small weights that impact the merged com-
munity’s coherency and degrade the algorithm’s performance. Our
method merges communities in terms of the merging score (i.e.,
Eq. (4)). As the score is based on the edge weights (i.e., friend-
ship strengths), the nodes in a community are highly associated.
Consequently, the stance community identification result is bet-
ter than that of the FastModularity algorithm. SCAN employs a
Jaccard-like similarity to measure the co-neighboring strength be-
tween nodes and merges a node with a community if their co-
neighboring strength is large. However, similar to FastModularity,
SCAN ignores edge weights, which degrades its performance. In ad-
dition to the co-neighboring strength, our friendship strength con-
siders the co-occurrence of nodes in topic documents associated
with stance orientations. SCIFNET therefore outperforms SCAN sig-
nificantly. The (&, B)-close method suffers the above problem too
because its merge operation depends on the co-neighboring degree
between a node and a community. As the merge process ignores
edge weights, it may merge inappropriate nodes that deteriorate
its stance identification result. SID employs a Jaccard-like function
to merge a new node into an existing community. The Jaccard-
like function is based on the number of common neighbors and
it neglects the weights of the edges. Also, the method does not
provide a refinement mechanism to avoid the early-merging prob-
lem of inappropriately merged nodes. These two defects degrade
its community detection performance. SAD enhances the selection
of community seeds by means of expert-defined rules. However,
because the method still lacks a community refinement operation,
its stance identification is sensitive to the seed initialization. BASH
and MCC extract representative cliques from a network as the ini-
tial communities. We found from the experiments that popular
topic persons of different stances normally have high degree and
they tend to connect to each other. As a result of this, the fully
connected cliques often group together the popular, but stance-
different, persons that decrease the stance identification perfor-
mance. While CODA integrates edge weights into its clustering ob-
jective function, the weights are based on the cosine similarity
of the frequency vectors. Moreover, the objective function simply
maximizes the sum of the edge weights in each community and
ignores the association between the communities. For this reason,
CODA groups together a lot of popular, but stance-different, topic
persons. In addition to maximizing the association of nodes within
communities, our objective function minimizes the association
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Table 4

The rand index/NMI performance of the compared methods.
Method A =50% A =60% A =70%
SCIFNET (Best) 0.7870/0.6654 0.7589/0.5721 0.7496/0.5271
SCIFNET (Avg.) 0.7206/0.5502 0.6963/0.4545 0.6899/0.4131
SCIFNET (Worst) 0.6146*/0.4105" 0.5905*/0.3402" 0.6169/0.3174"
FastModularity 0.6240*/0.4062" 0.6442+0.3324" 0.6221*/0.2665"
FastModularity-neg 0.5934/0.4103" 0.6200**/0.3300"* 0.5971**%/0.2659"\
SCAN 0.6228**/0.4405" 0.6523*+/0.4022" 0.6798/0.3653"
SCAN-neg 0.6312*%/0.3960" 0.6601*/0.3721™ 0.6869/0.3230"
CODA (Best) 0.7024*+/0.5169 0.6887+/0.5049 0.6694**/0.4486
CODA (Avg.) 0.6606***/0.2990" 0.6487/0.3052" 0.6378*/0.2756"
CODA (Worst) 0.6203*+/0.0900"~  0.6128***/0.0910"* 0.6103*/0.0836"
CODA-neg (Best) 0.7240/0.6248 0.6977/0.5267 0.6667+*/0.4551
CODA-neg (Avg.) 0.6592*/0.3369" 0.6499*/0.3065" 0.6374*[0.2706"
CODA-neg (Worst) 0.6009***/0.0575" 0.6124*+/0.0877 " 0.6102**/0.0767""
SM 0.6976**%/0.5228 0.6919/0.4203 0.6881/0.3734"
FEC 0.7125xx/ 0.5420 0.6805**/ 0.4449 0.6469**[ 0.4055
SID-neg 0.6553"*/ 0.5258 0.6061***/ 0.4047" 0.5223**[ 0.3429"\
SAD-neg 0.5768*/0.4413" 0.5622*/0.3947" 0.5211%/0.3274 "
MCC-neg 0.5889***/0.4655"" 0.5522%/0.4146" 0.4863*%/0.3339"
BASH-neg 0.5415** 0.3709"  0.5350***/ 0.3564"  0.5136**/ 0.3032""*
(a, B)-close-neg 0.5688+**/0.4364" 0.5627* 4113~ 0.5409+/0.2927"
HAC (Single-Link) 0.5968**/0.4865" 0.5323*/0.3628" 0.4545°+[0.2935"
HAC (Complete-Link)  0.6916***/0.5386 0.6741**%/0.4553 0.6136**/0.3691"
HAC (Average-Link) 0.6979*+/0.5175 0.6711***/0.4057~ 0.6774**/0.3702"
HAC (Centroid-Link) 0.6534+/0.5172 0.6148+/0.4202 0.5741**%/0.3450"
K-means (Best) 0.7767/0.6623 0.7510/0.5654 0.7478/0.5145
K-means (Avg.) 0.7037+*/0.5194 0.6881++/0.4283 0.6831*/0.3794
K-means (Worst) 0.5896"*/0.3514 0.5965*/0.2940" 0.5896"/0.2514"
Baseline (Avg.) 0.3983**/0.3487" 0.3479**%/0.2547" 0.3085*/0.1933 "\

The results marked with *, **, and ** show, respectively, the improvements achieved by SCIFNET
(Avg.) over the compared methods with 90%, 95% and 99% confidence levels based on the Z-
statistic for two proportions, and the symbol #, ~4, and ~ indicate the improvements based on

the one-tailed paired t test [29].

between communities. Therefore, SCIFNET achieves a superior
stance community identification performance. As shown in Table 4,
FEC normally performed better than the other compared methods
did; this is because the method is designed for signed networks
and there are negative links in the produced friendship networks.
Nevertheless, our method still outperformed FEC significantly. The
SM method is also designed for signed networks. We found that
SM sometimes cannot produce K communities for an evaluated
topic because the signs of the entries in the principal eigenvectors
are all positive. The method thereby groups persons with different
stances together, but it is also based on the modularity which ig-
nores the edge weights. Our method therefore outperforms the SM
method.

4.3.2. Stance-irrelevant topic person detection evaluation

One function of SCAN and CODA is to detect outliers (i.e., nodes
that do not belong to any community). Here, we treat the out-
liers as stance-irrelevant topic persons and compare their stance-
irrelevant topic person detection performance. Table 5 shows the
comparison results. Note that CODA uses a clustering objective
function to rank the nodes in a network and the last y% nodes
are denoted as outliers. To ensure a fair comparison, we adjusted
% so that the number of stance-irrelevant topic persons detected
by CODA is the same as that detected by our method.

As shown in Table 5, the F1 scores of the compared methods
are all inferior because we select frequent topic persons for eval-
uation. All of them are important and influential in the evaluated
topics, so very few of them are stance-irrelevant. Consequently, a
misjudgment of the stance-irrelevant topic persons would reduce
the F1 score dramatically. The inferior performance of the com-
pared methods shows that the detection of stance-irrelevant topic
persons is difficult and requires further investigation. Contrary to

Table 5

The F1 performance of stance-irrelevant topic person detection.
Method X =50% L =60% A =70%
SCIFNET (Best) 0.358335 0.373005 0.363269
SCIFNET (Avg.) 0.250637 0.292517 0.293951
SCIFNET (Worst) 0.037736 0.102941 0.178218
SCAN-neg 0.259259 0.287356 0.298182
CODA-neg (Best) 0.288889 0.325301 0.316667
CODA-neg (Avg.) 0.248889 0.247590* 0.247083***
CODA-neg (Worst) ~ 0.177778*  0.168675  0.183333**

The results marked with *, #x, and ** show, respectively, the im-
provements achieved by SCIFNET (Avg.) over the compared meth-
ods with 90%, 95% and 99% confidence levels based on the Z-
statistic for two proportions.

expectations, SCAN’s F1 score is higher than our average F1 score.
This is because of SCAN’s high detection recall rate. As SCAN clus-
ters nodes in terms of their co-neighboring strength, many weakly-
connected nodes are treated as outliers. Consequently, its detection
recall is high, which benefits its F1 performance. Nevertheless, our
best F1 score is still the best stance-irrelevant topic person detec-
tion performance.

4.3.3. Discussion of seed initialization strategies

In this section, we evaluate SCIFNET incorporated with three
well-known seed initialization strategies: Betweenness [24], Close-
ness [30], and Degree [11]. Given a network, the betweenness value
of a node is the number of the shortest paths that the node is in-
volved with. The betweenness strategy iteratively selects K nodes
with the largest betweenness values as the seeds of communities.
The closeness strategy sums the path lengths of a node to all other
nodes in a network. The node with the minimum sum is regarded
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Fig. 28. The stance community identification result of the 2009 NBA Conference Final (A = 70%).

Table 6

The rand index/NMI performance of the seed initialization strategies.
Initialization strategy =~ A =50% A =60% A =70%
Betweenness efinement ~ 0.6872**%/0.5128 0.6748*%]0.4558 0.6719*/0.4224
Closeness_efinement 0.6718*+/0.5105 0.6331*%/0.4235 0.5731*+/0.3513*
Degree._refinement 0.6053*+/0.4689~  0.5805**/0.3983~  0.5110***/0.3429"
Betweenness 0.7117/0.5212 0.6889/0.4578 0.7039/0.4322
Closeness 0.7020/0.5187 0.6719/0.4437 0.6556/0.3905
Degree 0.6905/0.5118 0.6692/0.4407 0.6689/0.4261

The results marked with *, **, and *** show, respectively, the improvements achieved by
using stance community refinement with 90%, 95% and 99% confidence levels based on the
Z-statistic for two proportions, and the symbol #, ~*, and " indicate the improvements

based on the one-tailed paired t test [29].

as the core of the network because it is close to all the other
nodes. The strategy iteratively selects K nodes with the minimum
sums as the seeds of communities. In the degree strategy, K nodes
with the largest degrees in the network are selected as community
seeds. As mentioned in Section 3.4, the proposed stance commu-
nity refinement is capable of lessening the influence of inappro-
priate seed initializations. Here, in order to contrast the true ef-
fect of the seed initialization strategies, we evaluate the strategies
with and without using the stance community refinement. Table 6
shows the performances of the initialization strategies and the suf-
fix “-refinement” stands for the results without stance community
refinement.

The comparison of results demonstrates that using stance
community refinement considerably improves stance identifica-
tion results. Furthermore, the performances differences between
the initialization strategies become minor when the refinement
is adopted. The results reveal that the proposed stance commu-
nity refinement is able to reduce the influence of seed initializa-
tions. Notably, without stance community refinement, the perfor-
mances of the strategies are inferior. This is because the strate-
gies ignore the sign of edges that decrease the quality of the se-
lected community seeds. For instance, we observed that the degree
strategy tends to select popular nodes as the seeds of stance com-
munities. A great portion of the edges connected to the selected
seeds, however, have a negative weight that obscures the expanded
stance communities. The result also reveals that discovering repre-
sentative community seeds in a sign network is challenging and is
worth investigation.

4.4. An example of stance community identification

The above experiments quantitatively evaluate the performance
of SCIFNET. In this section, we consider a sports topic, namely the

2009 NBA Conference Finals, to assess our stance community iden-
tification result. The topic covers four basketball teams that com-
peted for the title and we consider each team as a stance com-
munity. Fig. 28 shows the constructed friendship network. Stance-
irrelevant topic persons are highlighted in gray; and teammates are
highlighted in the same color. The blue edges and the orange edges
depict friendly associations and opposing associations respectively.
Their thickness indicates the friendship strength (i.e., edge weight).
As shown in the figure, the friendship network accurately describes
the associations of the topic persons. For instance, the orange
edges always connect persons with different stances. While some
stance-different persons are connected by blue edges, their friend-
ship strength is very weak. It is noteworthy that many orange
edges connect Los Angeles Lakers players and Orlando Magic play-
ers. This is because the two teams reached the finals. A large num-
ber of the topic documents report the teams’ matchup and most
of them contain stance-opposing words. As our method utilizes
the stance weight of topic documents to measure the friendship
strength of topic persons, the matchup-related documents help to
capture the opposing orientations of the players.

The colored zones in the figure represent our stance com-
munity identification results. In this example, many topic per-
sons are grouped into stance communities correctly. Moreover, one
topic person (i.e., Willie White) is accurately classified as stance-
irrelevant. Notably, our method prevents the teams’ franchise play-
ers (i.e., Kobe Bryant, Carmelo Anthony, LeBron James, and Dwight
Howard), who are also popular topic persons, from being merged.
The outcome corresponds with the comparison result presented
in the previous section, i.e., the proposed stance-oriented correla-
tion coefficient is effective for measuring the friendship orientation
of popular topic persons. We observed that incorrectly-grouped
persons often appeared in a few topic documents. For instance,
Cleveland player Zydrunas Ilgauskas, who only appeared in 12
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topic documents, was grouped as a member of Orlando Magic.
We analyzed the phenomenon and found that the stance-oriented
correlation coefficient tends to overestimate the friendship of in-
frequent topic persons. This is because the coefficient is based
on the occurrence pattern of topic persons. As infrequent persons
are jointly absent from many topic documents, their friendships
are overestimated. It is remarkable that Jerry West, an ex-Lakers
player, is grouped as a member of Cavaliers. Jerry West was named
“Mr. Clutch” because he made a lot of game-winning shots dur-
ing his playing career. In Game 2 of the NBA conference finals,
Cavaliers player LeBron James made an incredible game-winning
shot. Many documents reported the event and tried to place him
on a par with Jerry West. Their names thus co-occur frequently
in the topic documents so they are grouped together. Interest-
ingly, Venus Williams, a famous tennis player, is included in the
experiment. During the matchup of Orlando Magic and Cleveland
Cavaliers, Venus Williams was playing in the 2009 French Open.
We observed that several topic documents collected from Google
News were sports recaps that covered the NBA conference finals as
well as the results of the tennis tournament. Consequently, Venus
Williams was incorrectly classified as a member of Orlando Magic.
The result suggests the analyzed topic documents need to be pure
and on-topic. Diverse or noisy documents must be filtered out to
enhance the result of stance community identification.

5. Concluding remarks

The Internet has become a crucial medium for disseminating
and acquiring the latest information about topics. However, users
are often overwhelmed by the enormous number of topic docu-
ments. Basically, times, places, and persons are the key elements
of topics. Knowing the associations of topic persons can help read-
ers construct the background knowledge of a topic and compre-
hend numerous topic documents quickly. In this paper, we de-
fined the problem of stance community identification, which in-
volves grouping important topic persons into stance-coherent com-
munities. In addition, we presented a stance community identifica-
tion method called SCIFNET that constructs a friendship network of
topic persons from topic documents automatically. We developed
the stance-oriented correlation coefficient to measure the friend-
ship orientation of topic persons. The friendship orientation is then
combined with the co-neighboring strength of the topic persons
to measure their friendship strengths. Stance community expan-
sion and stance community refinement techniques based on the
designed objective function are used to identify stance communi-
ties of topic persons and identify stance-irrelevant topic persons.
We also proved the techniques make the identified stance com-
munities converge to a local optimum. The result of experiments
on real-world topics demonstrate the effectiveness of SCIFNET and
show that it outperforms many well-known community detection
and clustering methods. Besides, the performance of our method
is not sensitive to the parameter § and setting 8 =1, and 6 =0.2
generally achieves a superior stance community identification re-
sult.

The experiments suggest some interesting areas for future re-
search. For instance, although the proposed stance-oriented cor-
relation coefficient is effective in identifying the friendship ori-
entation of popular topic persons, it is affected by the frequency
sparseness problem of infrequent topic persons. Because infrequent
topic persons are jointly absent from a lot of topic documents,
the stance-oriented correlation coefficient may overestimate their
friendship strength. Reducing the weight of documents when in-
frequent persons are jointly absent would resolve the overestima-
tion problem. Moreover, considering off-topic documents may in-
clude irrelevant persons in the stance community identification
process and degrade the system performance. Therefore, effective

off-topic document elimination approaches should be developed
to improve the stance community identification performance. Al-
though we presented a simple strategy to select the appropriate
cluster number, there is still room to improve the strategy. For in-
stance, incorporating the number of stance communities into our
objective function is one of our future research directions to auto-
matically determine the appropriate value of K. In our experiment,
the input topic documents were collected manually. To help Inter-
net users comprehend emerging topics, we are integrating SCIFNET
with techniques of topic detection and tracking [1], which auto-
matically detect and track topic documents from different infor-
mation sources (e.g., news agencies).
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