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Abstract.

The immense popularity and rapid growth of Online Social Networks (OSN) have attracted the interest of researchers and
companies, particularly in how users group together to form communities online. While many community detection algorithms
have been developed to detect communities on such OSNs, most of these algorithms are based only on topological links and
researchers have observed that many topological links do not translate to actual user interaction. As such, many members of the
detected communities do not communicate frequently to each other. This inactivity creates a problem in targeted advertising and
viral marketing, which require the community to be highly active so as to facilitate the diffusion of product/service information.
We propose an approach to detect highly interactive Twitter communities that share common interests, based on the frequency
and patterns of direct tweeting among users, rather than the topological information implicit in follower/following links. Our
experimental results show that communities detected by our proposed approach are more cohesive and connected within different
interest groups, based on topological measures. We also show that the detected communities actively interact about the specific
interests, based on the high frequency of #hashtags and @mentions related to this interest. In addition, we study the trends in
their tweeting patterns such as how they follow and unfollow other users, and observe that our approach detects communities
comprising users whose links are more persistent compared to those in other groups of users.

Keywords: Twitter, Tweets, Social Network Analysis, Community Detection, Like-minded Communities, Interaction Links,
Common Interests

1. Introduction the rapid proliferation of OSNs, many companies have
embraced social media as a new outlet for their tar-
geted advertising and viral marketing efforts. Twitter

is one such OSN given its large user base and high user

In recent years, Online Social Networks (OSN) such
as Twitter and Facebook have gained immense pop-
ularity and rapid growth. The prevalence of OSNs is
further supported by studies showing that “social net-
working sites now reach 82% of the world’s online
population” and “nearly 1 in every 5 minutes spent on-
line is now spent on social networking sites” [9]. With

activity. However, one main problem in targeted adver-
tising and viral marketing is identifying the right target
audience, comprising users of the right demographics
who are also well-connected among themselves. The
identification of the right demographic group is impor-

- tant to ensure the right product-audience matching [18]
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and the connectedness of this group facilitates word-
of-mouth advertising [20].
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Most community detection algorithms consider only
topological information (such as follower/following
links) but not user activity (such as tweeting pat-
terns) [19]. In a community where its users share
common interests and are well-connected, the tweet-
ing frequency and content of tweets are other fac-
tors that determine the speed of information diffu-
sion. Many studies also support this observation, not-
ing that only a small subset of users (among those con-
nected by topological links) frequently interact with
each other [6,40]. Thus, it is necessary to consider user
activity in addition to topological information for com-
munity detection, especially for advertising and mar-
keting purposes. We propose a method for identifying
communities where its members not only share com-
mon interests but actively and frequently communicate
about the common interests. This approach involves
identifying community members based on their fre-
quency of direct communication with other users in the
community.

1.1. Contributions

Our main contributions in this paper include the fol-
lowing:

— Proposing an approach for detecting highly inter-
active communities that frequently communicate
about their common interests. Our proposed ap-
proach models the frequency of direct tweets be-
tween users as a network of weighted links. Using
these weighted links, we then detect the highly in-
teractive communities based on a pre-determined
threshold.

— Evaluating the topological structures of these
communities. We use topological measures such
as clustering coefficient, average path length, av-
erage degree and diameter, to measure the effec-
tiveness of our proposed approach. Our results in-
dicate that our approach detects communities that
are more cohesive and connected, as supported by
a shorter average path length and higher cluster-
ing coefficient.

— Studying the communication behaviour and pat-
terns of these communities. Specifically, we track
the users in these detected communities and ob-
serve that our approach detects interactive com-
munities where its users communicate frequently
about the specific interests based on the content
of #hashtags and @mentions.

— Performing a preliminary study into the temporal
evolution of links among these communities. Our
preliminary link analysis of Twitter users over
time shows that users follow other users at a rate
of two to three times as they unfollow other users.
In particular, we observe that links among users
in our detected communities are more persistent
compared to those in other groups of users.

This article is an extended version of an ear-
lier conference version in Proceedings of the 2012
IEEE/WIC/ACM International Conference on Web In-
telligence [25].

1.2. Structure and Organization

We first give a description of Twitter in Section 2
and discuss some related work in Section 3. Following
which, we further elaborate on our proposed method
and dataset used in Section 4. Next, we evaluate our
proposed method in terms of network topological mea-
sures and communication/interaction patterns in Sec-
tions 5 and 6 respectively. Finally, we discuss our find-
ings in Section 7 before concluding the paper in Sec-
tion 8.

2. Background Information

Twitter is an OSN that allows users to post short
messages (called tweets) of up to 140 characters. A
user can follow another user to receive the tweets that
he/she posts. Also, tweets posted by a user can be for-
warded to all users following him/her, a process known
as retweeting. Users can retweet by either manually
adding the “RT @username” prefix in front of the orig-
inal tweet or use the built-in “retweet” button. In ad-
dition, tweets can also contain @mentions and #hash-
tags for mentioning other users and tagging interesting
topics respectively. Replies are similar to mentions as
the tweets contains @username but the tweet starts off
with @username and is replied by using the “reply”
button.

All of these Twitter-related data and statistics can be
retrieved using the publicly accessible Twitter Appli-
cation Programming Interface (API) [37]. The avail-
ability of the Twitter API has stirred immense interest
in the academic study of the Twitter social network.
For example, various models have been proposed for
studying and predicting general information diffusion
on Twitter based on a combination of message content,
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user profiles and tweeting timings [14,32,43]. Romero
et al. [34] and Huang et al. [17] studied the diffusion of
#hashtags on Twitter and investigated the factors be-
hind the mass adoption of #hashtags and their subse-
quent dying off.

Tweets have been analyzed to determine their credi-
bility, sentiments and relation to real-life events. Using
the tweeting patterns of a user, tweet content and exter-
nal references, Castillo et al. [4] proposed a method to
determine the credibility of tweets. Similarly, Becker
et al. [2] presented a real-time system to detect tweets
that describe real-life events, while Zhu et al. [44] used
a Latent Dirichlet Allocation based topic model that
utilizes word pairs to understand people’s activity pat-
terns. Also, Kouloumpis et al. [21] studied the senti-
ment of tweets based on the usage of #hashtags, emoti-
cons, caps and punctuation. While these studies ana-
lyze tweeting patterns and contents, they do not use
tweeting links to detect communities with common in-
terests.

3. Related Work

As our proposed approach is an interaction-based
community detection method, we first discuss some
related studies on user interactions within OSNs, fol-
lowed by a broad overview of community detection
research. Thereafter, we focus on some related work
that also aims to detect communities using interaction-
based metrics and highlight the differences between
our proposed approach and these earlier work.

3.1. Studying Interaction Among Communities

Many researchers have used the interaction fre-
quency among users of OSNs to study information
diffusion and the topological characteristics of entire
OSNs. For example, various researchers constructed
interaction graphs to study the general structure and
behaviour of users on OSNs such as Cyworld and
Facebook [6,40,38]. Similarly, the frequency of co-
purchased media and book items were used to form
networks for identifying local communities of co-
purchased items on Amazon [29,30]. The interaction
activity between users has also been used to construct
networks for the purpose of studying information dif-
fusion on Twitter and Flickr [34,5,42].

The main difference of our proposed approach (from
these related work) is that we use interaction frequency
to detect highly-interactive communities with common

interests, while most of these researchers use it for
studying information diffusion on the overall structure
of OSNs. Furthermore, our proposed method imposes
a set of criteria for selecting users (with common inter-
est) before constructing a network based on their direct
communication (frequency of @mentions) with each
other.

3.2. General Community Detection

The effective detection of community structures
from an underlying network graph has been an impor-
tant and frequently studied problem, due to its poten-
tial application in complex networks ranging from bi-
ological networks to OSNs [13]. Apart from applica-
tions on OSNs, community detection is also a common
research problem on real-life social networks, such as
scientific collaboration networks [1,12,27]. Howeyver,
these methods consider only topological links to de-
tect community structures, which may not translate to
interactive communities [6,40].

Our proposed study differs from these earlier work
as we examine the existence of a highly interactive
community with common interests, based on direct
communication among the users (instead of only topo-
logical links). In addition, we study their communica-
tion patterns by examining content such as keywords,
#hashtags, URLs and @mentions, and how users fol-
low or unfollow each other, instead of using only cer-
tain aspects of communication (e.g., only #hashtags).
Our study also differs from the related work which ex-
amines communication behaviour of the general Twit-
ter population instead of a specific group (with a com-
mon interest). Also, the related work considers only
certain aspects of communication (e.g., only #hash-
tags), instead of the entire spectrum of information
available.

3.3. Interaction-based Community Detection

Most related to our research would be other com-
munity detection algorithms that use interaction-based
metrics. For example, Correa et al. developed the iTop
algorithm to find topic-centric communities on Twit-
ter, based on the @mentions and retweets exchanged
among its users [10]. Specifically, the iTop algorithm
constructs a weighted graph of user interactions and
greedily maximizes the local modularity in order to de-
tect these topic-centric communities based on a set of
seed users. On the same note, Palsetia et al. proposed
an algorithm to detect communities that share the same
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social interest [33]. Using wall posts (Facebook) and
tweets (Twitter) as interactions links, this algorithm
first constructs an undirected graph, weighted based on
a similarity coefficient between users of the interac-
tion link, before trying to detect communities using a
modified version of the Clauset, Newman, and Moore
(CNM) algorithm [7] that calls itself recursively.

While the algorithms proposed by Correa et al.
and Palsetia et al. are based on an underlying net-
work graph modeled from interaction links, these al-
gorithms are generally modularity-based methods that
require an additional user pre-processing step. Both
methods are recursively executed in an attempt to de-
tect communities, until a particular modularity metric
is achieved. More importantly, [10] requires an addi-
tional step of a “warm start” process where a set of
seed users are identified based on a textual search of
their Twitter user profile biography, whereas our pro-
posed approach does not require this additional pro-
cess. Similarly, [7] requires users’ interests to be ex-
plicitly determined based on their Twitter profiles or
Facebook walls. On the other hand, our proposed ap-
proach does not utilize such a modularity metric in a
recursive nature nor require an explicit search of user
interest on Twitter profiles or Facebook walls, but in-
stead we pre-select users based on their followings of
celebrities as a proxy for their implicit interest. There-
after, we attempt to detect communities from this pre-
selected group of users based on their interaction links
with a thresholding mechanism. Due to the recursive
calling of the CNM algorithm, [7] also results in small
communities (with the largest community comprising
only 21 users in their experiments), whereas our pro-
posed approach detects larger communities which are
better suited for targeted advertising and viral market-
ing purposes.

4. Methodology

We model topological links in the Twitter social net-
work as followership links where a link (i, j) repre-
sents that user ¢ is a follower of user j. These fol-
lowership links can also be reciprocal and such a bi-
directional link between users ¢ and j are represented
as a friendship link F'r; ;. The interest of a user is rep-
resented by the number of celebrities (of the same in-
terest category) that he/she follows. Here, we define
celebrities as users with more than 10,000 followers.
As required, the definition of a celebrity can also be

Table 1

Notations and Definitions

Notations  Definitions

(%, 7) A followership (uni-directional) link from user  to j
Fr;; A friendship (bi-directional) link between users ¢ and j
Celebrity A user with more than 10,000 followers

Inteqt The interest level of a user in category cat

M; ; A tweet containing a @mention of user j by user ¢

I; ; The number of times user ¢ @mentions user j

made more or less stringent by respectively increasing
or decreasing the required number of followers.

Twitter users directly communicate with other users
by posting a tweet containing @username of the other
user, along with the actual message. This direct com-
munication is also called the @mentioning of other
users. We define M, ; as a tweet posted by user ¢ that
contains a @mention of user j (i.e., the @mentioning
process). Next, we also model the communication in-
tensity I; ; of user ¢ to j as the number of @mentions
user ¢ makes of user j. Table 1 lists a summary of the
notations and definitions used in this paper.

4.1. Common Interest Community Detection

We extend upon the Common Interest Community
Detection (CICD) method [28] which is used for de-
tecting communities comprising only individuals with
common interests, using only topological links. The
main strategy employed by the CICD method to de-
tect communities with common interests is to select
users with common interests (based on their follow-
ing of celebrities), then detect communities using the
common links among these users (with common inter-
ests). Thus, the CICD method comprises of the follow-
ing three steps:

1. Identify an interest category (and its set of repre-
sentative celebrities).

2. Select a group of users with common interest
(based on their following links of celebrities).

3. Detect communities based on the common topol-
ogy links among this group of users.

The first step is to select a set of n celebrities
c1,Co, ..., Cpn, that belongs to a common interest cate-
gory.! We ascertain the interest category of a celebrity

Instead of using a random selection of n celebrities (to overcome
any sampling bias), we will choose celebrities based on popularity
(i.e., number of followers) to maximize the size of the subsequently
detected communities.
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based on the Wikipedia article (particularly the “occu-
pation” field) describing this celebrity. This classifica-
tion using Wikipedia minimizes the mis-classification
of celebrities into the wrong interest categories, es-
pecially for celebrities who belong to multiple cate-
gories (e.g., a singer-actress with her own fashion line
would belong to three interest categories, namely Mu-
sic, Film & TV and Business). In [26], we have also
demonstrated how this classification of celebrities can
be automatically performed using a bag-of-words con-
cept along with content on Wikipedia. This bag-of-
words concept is essentially a mapping of keywords
(found on the celebrity’s Wikipedia article page) to
the respective interest categories. Similarly, other re-
searchers [39] have demonstrated how celebrities can
be mapped to their respective interest categories, using
the descriptions of celebrities and WordNet domain hi-
erarchy [3].

In step 2, we retrieve the list of users following each
celebrity ¢;,1 < j < n, and select the group of users
following all n celebrities. In short, we retrieve the set:

P = (Jlink(, ), for 1 <j<n (1)

Basically, we construct Set P out of users who follow
all n celebrities in an interest category. Set P is also
the intersection set among the fans of each celebrity.

Following which (in step 3), we retrieve all bi-
directional links among Set P then use the Clique
Percolation Method (CPM) [11] and Infomap algo-
rithm [35] to detect communities among Set P.2CPM
detects communities based on a series of adjacent
cliques (fully-connected sub-graphs), while Infomap
uses the frequent paths of a random walker to detect
communities. These detected communities shall be re-
ferred to as the link-based communities, Comcrep.
The criteria for the CICD method can also be relaxed
such that we select users who follow x out of n celebri-
ties, where the value of x determines the interest level
of the resulting Set P. For the purpose of this paper,
we select users who follow all celebrities to construct
a Set P with the most interest in the given category.

2Using both CPM and Infomap demonstrate that the results ob-
tained by our proposed methods are independent of the community
detection algorithm chosen. CPM was chosen due to its ability to
detect overlapping communities (which reflects real-life social com-
munities), while Infomap was selected due to its superior perfor-
mance compared to other algorithms [13]. Refer to [11] and [35] for
more information on CPM and Infomap respectively.

4.2. Highly Interactive Community Detection

Our proposed approach, the Highly Interactive
Community Detection (HICD) method detects a highly
interactive community using the communication pat-
tern and frequency among the users [25]. Basically,
we adapt steps 1 and 2 of the CICD method and mod-
ify step 3 to consider interaction links (with a filter-
ing threshold) instead of using topology links. As de-
scribed earlier, we define M; ; as a tweet posted by
user ¢ that contains a @mention of user j. Next, we
model the communication intensity of user ¢ to j as the
number of @mentions user ¢ makes of user j, denoted:

Ii,j = Mi,jv fO’I’ Z,j c P (2)

Essentially, I; ; is the number of times user ¢ @men-
tions user j in his/her tweets. Next, we build a list of
weighted edges between two users ¢ and j as a tuple
(4,4,1;;) where i, j € P, and user j could be either
an ordinary user or celebrity. Using a pre-determined
intensity threshold T', we remove all tuples (4, j, I; ;)
if I;; < T orl;; < T.In short, we are building
a new set of users Q comprising only edges that ex-
ceed the threshold 7. Finally, we detect communities
among this set Q of users using CPM and Infomap
where the detected communities shall be referred to as
the tweet-based community, Compcp. These strin-
gent requirements for constructing Set Q ensures that
the resulting Comgcop is well-connected, cohesive
and communicate frequently about their common in-
terest.

The main difference between the CICD and HICD
methods is in the usage of links for community de-
tection. The CICD method detects communities us-
ing only topological information such as explicit bi-
directional links. These bi-directional links are re-
flected in Twitter as a pair of users with mutual fol-
lower/following links (i.e., friendship links), which are
more representative of real-life social relationships. On
the other hand, our proposed HICD method uses im-
plicit link information that is derived from communi-
cation links. These communication links are based on
users @mentioning each other and result in communi-
ties that are more interactive, especially about the com-
mon interest. As pointed out in [31], @mention links
are a stronger measure of interaction activity, com-
pared to follower/following links. Due to this different
usage of links, the communities detected by the CICD
and HICD methods may overlap but are unlikely to be
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Table 2

Representative celebrities for interest categories

Country Music Tennis Dallas Mavericks Chicago Bulls
Taylor Swift Serena Williams Lamar Odom C. J. Watson
Brad Paisley Rafael Nadal Jason Terry Carlos Boozer
Blake Shelton Andy Murray Dirk Nowitzki Luol Deng
Miranda Lambert Novak Djokovic Shawn Marion Kyle Korver
Kenny Chesney Caroline Wozniacki Vince Carter Taj Gibson
Keith Urban Venus Williams Jason Kidd Ronnie Brewer
Martina McBride Andy Roddick Brian Cardinal Jimmy Butle
Tim McGraw Sania Mirza-Malik
Toby Keith Kim Clijsters

Table 3

Words to filter

Type Examples

Pronoun I, you, she, he, it, we, you, they, me, her, him, it, us,

you, them, mine, yours, hers, his, its, ours, theirs, etc
Preposition about, above, across, after, against, among, around, at,
before, behind, below, beneath, beside, between, etc
Conjunction  after, although, as, because, before, if, once, since,

than, that, though, whether, until, when, where, etc

a subset of one another (as users may @mention each
other even when they are not topologically connected).

4.3. Evaluation

Our evaluation uses topological measures such as
clustering coefficient, average path length, average de-
gree and diameter. The clustering coefficient of a node
is the number of 3-node cliques (which includes this
node) out of the total possible number of such 3-node
cliques. In our experiments, we use the average clus-
tering coefficient of all nodes in a community. Average
path length is the average number of hops between all
possible pair of nodes, while average degree refers to
the average number of links each node has. Diameter is
defined as the maximum value out of all shortest paths
among every possible pair of nodes (i.e., the longest
shortest path).

In addition, we also evaluate the performance of our
HICD method by analyzing the frequency and con-
tent of tweets among the detected communities, specif-
ically on the usage of @mentions, #hashtags, URLs
and keywords. @mentions, #hashtags and URLs are
easily identified in tweets by respectively searching for
the ‘@’, ‘# and “http://” prefixes to any word. On the
other hand, keywords require some pre-processing to
filter out commonly used words that have no signifi-

cant meaning, such as pronouns, prepositions and con-
junctions as listed in Table 3.

Using the Twitter API, we retrieved the user profiles,
linkages, tweets and retweets of 17,941 Twitter users
identified as four different Set P of the country mu-
sic, tennis and basketball (Mavericks and Bulls teams)
categories.> Each Twitter API call allows us to retrieve
the last 200 tweets of any (unlocked) user. In total, we
retrieved and analyzed 1.9 million tweets and retweets
from 17 Nov 11 to 14 Jan 12.

5. Interactive Communities with Common
Interests: A Topological Evaluation

In this section, we are interested in the topological
evaluation of our proposed HICD method compared to
the CICD method. We first describe the overall pro-
cess of using our HICD method to detect highly inter-
active communities before describing some key char-
acteristics of these detected communities. Following
which, we evaluate these detected communities based
on topological measures and discuss the effects of a
threshold parameter used in the HICD method.

5.1. Detection of Communities

For our study, we demonstrate the effectiveness of
our approach across different communities with com-
mon interests in country music, tennis and basketball
respectively. We selected nine country music celebri-
ties based on winners of the Country Music Associ-
ation Awards [8] from 2001 to 2011, with more than

3While we selected these four categories, the CICD and HICD
methods can be effectively applied to other categories by selecting
celebrities that are representative of other interest categories.
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Table 4
Set P for the various interest categories
Category No. of Users
Country Music 5,969
Tennis 2,708
Mavericks (Basketball) 4,457
Bulls (Basketball) 4,807

90,000 followers. Similarly, we selected nine promi-
nent tennis players for the tennis category based on
their number of followers on Twitter. For the basketball
category, we focused on two different National Basket-
ball Association (NBA) teams: the Dallas Mavericks
and Chicago Bulls. We selected seven players from
each NBA team based on the team’s current player
roster (as of 2012). The list of celebrities representing
each interest category is listed in Table 2.

Next, we retrieve the set of users following all
celebrities in each category, Set P as described in
Equation (1). The number of users in Set P of each
category is shown in Table 4. Using the CICD method,
we first modify Set P by removing all links that are
not reciprocal. Following which, we run CPM and In-
fomap on the modified Set P, resulting in communi-
ties with a common interest in the country music, ten-
nis and basketball (Mavericks and Bulls) categories as
shown in Fig. 1. From these detected communities, we
selected the largest community (of each category) to
analyze their tweeting and retweeting patterns within
the community. These link-based communities shall be
referred to as Comcop for each of the categories, in
the rest of the paper.
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Z 100
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Fig. 2. Size of largest community detected

Using our HICD method, we determine the tweet-
based community (denoted Comgcp) based on the
Set P of users mentioned in the previous paragraph.
For this purpose, we define the weight threshold 7" as
1, for constructing the set Q of users. Similarly, we
run CPM and Infomap on Set Q and concentrate on
the largest community (of each category) for our study.
The number of detected communities and size of the
largest community are shown in Fig. 1 and 2 respec-
tively.

5.2. General Community Characteristics

The number of communities detected by our HICD
method is dependent on the duration of the tweets
collected. A longer period of tweet collection results
in a larger number of communities detected, as there
is a higher probability of users @mentioning each
other. This observation is reflected by Fig. 1 where our
HICD method (Compycp) detects more country mu-
sic communities than the CICD method (Comcicp).
This result is due to Comgcp of country music be-
ing detected using tweets from 17 Nov 11 to 14 Jan
12, whereas Compgrcp of tennis and basketball are
only based on the past 200 tweets collected on 12
Jan 12.* Regardless of whether CPM or Infomap was
used, Fig. 2 shows a similar trend in the largest com-
munity detected (e.g., communities detected by CPM
are larger than that selected by Infomap or vice versa,

4Even when the tweets are collected on a single day, the tweets
dated more than six months back as the most recent 200 tweets were
collected. This meant that the country music group had two months
more of tweets compared to the tennis and basketball groups.
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given the same interest category). In this work, we are
most interested in the largest community as it provides
the most potential for targeted advertising and viral
marketing, compared to smaller communities.

As our HICD method uses implicit links derived
from communication frequency, it is possible to de-
tect communities that are not detectable using topo-
logical information of follower/following links. Fig. 2
best illustrates this phenomenon where the Comgop
of Bulls is larger than its Com¢cyop counterpart. This
observation shows that our HICD method is able to de-
tect communities based on communication links, even
when there are no follower/following links present.
Even if these users eventually form follower/following
links because of their frequent communication, our
HICD method is able to detect such users before
they form these topological links. Furthermore, our

— ‘
14 o o Setp Tz
N
™ W Comgcp oy
W N C
\ \ > —3
12 N W OMyicp =
NS N 7
3 AN N N
,,,,,,,, \ N N
o 10 N = N
2 W N N N
N I . N
A\ N \\, \,
o 8 N N N
o N N W
= N N W
I 6 W N N = XN
N NS N Y,
[} \ N . W\
> N XN N 7\\\
< 4 N N PN W
AN AR N N
\. \\\\ A\ \\\
NN Y \ N
2 ) A\ N\ - NN
N N W, W,
A, A\, \ AN
\ N N N
W N A N
0 ) N N N
Q S 4, &
% 2y % “%
2, 7% Q..
3 ¢ (A
‘@0 §
%

Fig. 5. Average degree

HICD method filters out users that are topologically
connected but otherwise do not communicate with
each other. We next compare Set P, Com¢rcp and
Comprcop of the different categories, in terms of
topological measures (clustering coefficient, average
path length and average degree) to evaluate the effec-
tiveness of our method.

5.3. Topological Characteristics

Our HICD method detects communities (Comgrcp)
that are more connected and cohesive than Set P
and Comcrcop across all categories as shown in
Fig. 3. Our HICD method outperforms the CICD
method as indicated by a higher clustering coefficient
of Compgrop compared to Comgyop. Despite the
improvement, it is challenging to achieve a clustering
coefficient close to one as only a fully-connected sub-
graph (i.e., a clique) has a clustering coefficient of one.
The Comcrep and Compgreop of all categories also
have a clustering coefficient two times or more than
Set ‘P of their respective categories.

Similarly, Fig. 4 shows a shorter average path length
for Compop compared to Comeyrop, for the Mav-
ericks and Bulls categories. As Set P contains dis-
connected segments of the network, the average path
length could not be calculated. Comgcop of country
music has a longer path length than Comcrop due
to our choice of one for the threshold T" of I; ; value.
Once this threshold value is increased, Comgrcop
progressively gets a shorter average path length com-
pared to Comcycop as shown in Table 5. The shorter
average path length and higher clustering coefficient
show that our HICD method detects communities that
are more cohesive and connected.
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Table 5
Effects of increasing threshold 1" of I; ; for country music category
Threshold T of I; ; 1 2 3 4 5 6
No. of Nodes 474 313 188 108 70 42
Average Path Length 2.84 2.63 2.64 2.52 2.68 2.49
Average Clustering Coefficient 0.70 0.72 0.74 0.77 0.75 0.77
Diameter 6 6 6 5 5 4
Average Degree 6.20 6.27 5.67 5.28 4.66 4.52
Table 6 tennis, London is the venue of the popular Wimble-
Top 3 user locations don Tennis Championships. Similarly for Mavericks
and Bulls, their teams are based in Dallas and Chicago
Category  Set P Comcicp  Comuicp respectively.
Country Nashville Nashville Nashville This result shows that members of such communi-
Music Quito Quito Quito ties are geographically collocated and likely to know
Canada Canada Boston/Charlotte each other personally. Hence they may tweet to each
Tennis London London London other even when they are not connected through
Greenland  Paris Paris topological follower/following links. In addition, re-
Quito Melbourne ~ Melbourne searchers such as Java et al. [19] also noticed that the
Mavericks  Dallas Dallas Dallas probability of two persons being connected is nega-
Quito Toronto Fort Worth tively correlated with their geographic distance. Simi-
Philippines _ Fort Worth  Various Texas Cities larly, Kwak et al. [23] noticed that users with less than
Bulls Chicago Chicago Chicago 1,000 friends tend to be geographically nearer to each
Quito New Jersey  Aurora/Quito other. However, it should be noted that more than 20%
Melbourne ~ Melbourne Melbourne

Fig. 5 shows that Compycp has an average de-
gree of links more similar to Set P (than Com¢crop)
and significantly lower than Comcrcp. However,
Compgreop also has a higher clustering coefficient
than Comcicop, despite the lower average degree
of Compyrcp. This observation shows that while
Compgrcp has less average links, most of its links
are connected to nodes within the same community.
On the contrary, Comcrcop has more average links
but many of the links are connected to nodes outside
the community. These results show the effectiveness
of our HICD method in detecting highly cohesive and
connected communities.

5.4. Geographical Location of Users

Table 6 shows the top three locations stated in the
profiles of users in Set P, Comcjcp and Compgrep
of each category. The top location of each category is
consistent throughout the user groups and is represen-
tative of the respective category. For country music,
Nashville is home to many country music events such
as the CMA Music Festival and CMA Awards. As for

of the examined users do not provide a specific loca-
tion in their user profiles. Also, many users provide
only general country locations (e.g., USA, Canada)
or non-existent places (e.g., “Mother Ship castaway”,
“Over here!”).

5.5. Effects of Increasing Threshold T' of I; ;

Next, we study the effects of increasing the thresh-
old T of I; ; values, one of which is a corresponding
increase in the cohesiveness and connectedness of the
detected communities. This observation is supported
by the trend of a decreasing path length and diameter,
and increasing clustering coefficient with an increasing
threshold 7" for the country music category, as shown
in Table 5. This general trend is consistent with an in-
creasing threshold 7', apart for a minor deviation at
a threshold 7" of 5. On the other hand, an increasing
threshold T results in smaller communities being de-
tected.

This result shows a trade-off between detecting
more cohesive communities (at high threshold T') or
larger communities (at low threshold 77). Thus, any
user of our HICD method has the flexibility to select
this threshold parameter according to the usage sce-
nario (i.e., is he/she interested in smaller but more co-
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Table 7
Top 10 #hashtags

Set P Comcrcp Compgrcp
#FF #FF #FF

#fb #fb #CMAawards*
#NowPlaying #NowPlaying #nowplaying
#nowplaying #CMAawards* #fb
#CMAawards* #nowplaying #PeoplesChoice
#iTunes #jesustweeters #emchat*
#PeoplesChoice #iTunes #f

#ft #concert* #CMTAOTY*
#jesustweeters #DT #countryartist*
#concert #Nashville #ACAs*

hesive communities, or larger but less cohesive com-
munities). For the rest of the paper, we focus on the
country music communities detected using a threshold
T of 1 as we are most interested in the largest commu-
nity.

6. Interactive Communities with Common
Interests: An Interaction-based Evaluation

After the topological evaluation in Section 5, we
now study and evaluate our proposed HICD method
using various interaction-based measures. Some of
these measures include: (i) the content of tweets used,
i.e., #hashtags, @mentions, URLs and keywords; (ii)
the temporal trend in tweeting behaviour; and (iii) the
way users follow and unfollow one another over time.

6.1. Content of Tweets

As a holistic approach to identifying highly inter-
active communities with common interest, it is nec-
essary to consider their communication frequency and
content. However, the CICD method considers only
the topological information of the social network. Our
HICD method improves upon the CICD method by
considering the frequency of direct communication
(via the use of @mentions in tweets) between indi-
viduals. We now examine the results from our HICD
method based on a comparison of the top 10 #hash-
tags, @mentions, URLs and keywords among the three
groups of users: Set P, Com¢ycop and Compygop of
the country music category.

Table 8
Top 10 @mentions

Set P Comcrcop Compgrcp
youtube youtube blakeshelton*
blakeshelton* blakeshelton* davidnail*
YouTube YouTube Miranda_Lambert*
GetGlue taylorswiftl3* ladyantebellum*
taylorswiftl3* Miranda_Lambert*  GetGlue
justinbieber davidnail* ScottyMcCreery*
Miranda_Lambert*  GetGlue ChrisYoungMusic*
ScottyMcCreery* BradPaisley* Lauren_Alaina*
BradPaisley* JimmyWayne* taylorswift13*
Jjakeowen* Jakeowen* sugarland4ever

6.1.1. Usage of #hashtags

From a topical aspect, our HICD method detects
communities that tweet more frequently about the
common interest (i.e., country music). This statistic is
determined based on the #hashtags that are most fre-
quently used. Table 7 shows that among the top 10
#hashtags of Compgrcp, five #hashtags are related to
country music (denoted by *). This result compares
favourably with Com¢ e p and Set P which have only
two and one #hashtags related to country music, re-
spectively.

It is also important to note that the five country mu-
sic #hashtags of Comp ¢ p are related to country mu-
sic in general and not to any specific country singer
used in the initial seed of celebrities. This observation
shows that our HICD method detects communities that
are interested in the general category, instead of just
a specific celebrity representing that interest category.
Thus, this result also shows that using the celebrity fol-
lowings of an user is a good proxy for his/her interests.

6.1.2. Usage of @mentions

Likewise, our HICD method detects communities
that make more @mentions of country music artists.
Table 8 best illustrates this where eight of the top
10 @mentions of Comycp are country singers (de-
noted by *). Comparatively, Com¢crop and Set P has
less @mentions of country music artists at a count
of seven and six respectively. It is also worthwhile to
note that five out of eight country singers (in the top
10 @mentions of Compgcp) were not used as the
initial seed of representative celebrities to construct
Compuicp.

Similar to the analysis on #hashtags usage, this ob-
servation shows that our HICD method is able to de-
tect communities that frequently interact about coun-
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Table 9

Top 10 URLs

Set P Comcrcp

Compygrcp

Kickin Country Radio*
Trapier Blog Trapier Blog
B-93.7 FM Radio
Youtube Video

Escape Dates

GetGlue Invitation

B-93.7 FM Radio

Youtube Video

Escape Dates

Lynzie Taylor Barton Blog
Tax Reform

B-93.7 FM Radio
TwittaScope - Virgo

Lynzie Taylor Barton Blog
GetGlue Follow

Kickin Country Radio*

Branson Shows Ticket Booking
Branson Restaurant Discounts
People’s Choice Voting

Branson Shows Ticket Booking

Branson Restaurant Discounts

People’s Choice Voting

GetGlue Invitation - User A (Anonymized)
TwittaScope - Taurus

World Wrestling Entertainment

GetGlue Invitation - User B (Anonymized)
People’s Choice Voting

World Wrestling Entertainment

UStream Video Streaming

try music in general, and not just about country singers
in the initial seed of celebrities used. We also ob-
served similar trends for the tennis and basketball cat-
egories. These results show the effectiveness of our
HICD method in detecting communities comprising
interactive users who communicate frequently about
the specific interests based on their usage of #hashtags
and @mentions.

6.1.3. Usage of URLs and Keywords

We now examine the top 10 URLSs used and present
the broad title of the websites, instead of TinyURL
addresses which do not have any textual meaning.
TinyURLSs are short versions of URLs and are often
used in tweets to overcome the 140-character limit. Ta-
ble 9 shows the top 10 websites that Set P, Comcrop
and Compgcp of the country music category use in
their tweets. Some websites are repeated as different
TinyURLSs may also point to the same website (or dif-
ferent sub-pages of the same parent website). While
Set P and Com¢creop have one URL related to coun-
try music, the exchange of URLs in Comgcop is of a
more personal nature. Examples are the two GetGlue
invitations to join existing members, which indicate a
friendship relationship that also exist outside of Twit-
ter.

In addition, we also analyze the top 10 keywords
for the three groups of users with the filtering crite-
ria described in Section 4. Even after filtering out pro-
nouns, prepositions, conjunctions and interjections, we
did not notice any significant trends in keywords used.
However, we observe that the “:)” and “..” character
sequences were among the top 10 keywords used, even
though these are not textual keywords.

Set P

N,

Only

>4
4

URL

Comecp Comycp
S -
NN SR
Text #hashtag s - o a0 *%
p \ Only S: @S OTiE \ Only 33 hashiag 33
N\PSSoadititiit )oPe e iitid

URL NS

URL

mention 3

Fig. 6. Type of tweets

6.2. Trends in Tweeting Behaviour

We investigate tweeting trends by first examining
the type of content covered in the tweets posted by
Set P, Com¢crcp and Compyrcp, as illustrated in
Fig. 6. The type of content in tweets can be any com-
bination of textual information, #hashtags, @mentions
and/or URLs. Fig. 6 shows the distribution of these
content types for Set P, Comcicp and Compyrep
of the country music category. Set P and Comcrcp
use similar allocation of the content types in their
tweets with Set P using more text-based tweets and
Comciep using more URLs. As our HICD method
detects communities based on frequent direct commu-
nication, Compgcp uses mostly @mentions in their
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Fig. 8. Comparison of tweets to followers (Best viewed in colour)

tweets. We next investigate trends in the timings of
tweet postings.

Across Set P, Comcjop and Compgrcp, Fig. 7
shows a slight increase in tweeting activities from
0900hrs to 1100hrs. On the contrary, tweeting activi-
ties decrease drastically from 1200hrs to 1700hrs be-
fore hitting a low between 1700hrs to 1800hrs. The
minimum of tweeting activities is more pronounced
for Compyrcp detected by our HICD method. For
all three groups, tweeting activities gradually increase
from 1800hrs to 2300hrs. As more than 65% of Twit-
ter users are between the age of 15 - 24 years old [36],
a possible explanation is that Twitter users are either
at school or at work between 1200hrs and 1700hrs.
Hence, they do not tweet as much during that period
but tweeting activities gradually increase once they re-
turn home after school or work.

Another important area to examine is the relation
between number of tweets posted by a user to his/her
number of followers and followings. Fig. 8 and 9

No. of Tweets

Fig. 9. Comparison of tweets to followings (Best viewed in colour)

show a scatterplot of the number of tweets to follow-
ers and followings, respectively. Both the CICD and
HICD methods tend to select users (Comcrcp and
Comgcp) who have a high number of followers and
followings, as shown in Fig. 8 and 9.

In addition, Fig. 8 and 9 also show that our HICD
method tend to select users (Compyrcp) that tweet
more often than users in Set P and Com¢crop. These
results further support how our HICD method de-
tects communities that are highly interactive and well-
connected, based on their frequent tweets and high
number of followers and followings.

6.3. Temporal Analysis of Links

As the focus of our paper is on detecting highly in-
teractive communities with common interest, we only
perform a preliminary analysis on link formation and
deletion over time. We leave the more detailed anal-
ysis for future work where we plan to investigate on
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the motivating factors behind a user’s choice in fol-
lowing/unfollowing other users (e.g., similar interests,
common friends, etc). For now, this preliminary anal-
ysis serves to provide readers with a general overview
of following/unfollowing behavior among users in Set
7), OOTTLC]CD and COT)’LH]CD.

Our preliminary analysis involves studying the for-
mation and deletion of links over time for the three
groups of users: Set P, Comcrep and Compgrop.
We retrieved the follower list of users in these groups
on four-day intervals between 28 Nov 11 and 07 Jan
12. Thereafter, we study the number of links created
and deleted at time intervals of four days. The results
of the average number of links created and deleted at
each time interval are shown in Fig. 10 and 11 respec-
tively.

Fig. 10 and 11 show that users selected by our
HICD method are more active in following new users
or unfollowing existing ones, compared to the CICD
method. Following or unfollowing a user corresponds
to creating or deleting a link to that user, respectively.
Users in Com grcp both create and delete more links
on average than users in Set P and Comcrop. Itis in-
teresting to note that Comgcp creates almost three
times the links that it deletes, whereas Set P creates
less than two times the links that it deletes. This obser-
vation points to a trend where links in Comgrop are
more persistent than those in Set P and Comc¢op, as
users in Comy o p are less likely to unfollow another
user once the following link is created. Thus, this re-
sult shows our approach effectively detects communi-
ties where users share more persistent links, compared
to those in other groups.

Even though our HICD method detects communi-
ties with more persistent links, it may seem that Twit-
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Fig. 11. Time analysis of deleted links

ter users create and delete links at a high frequency.
While alarming at first, this trend of frequent unfol-
lowing has also been studied and observed by other
researchers [24,41,22]. One contributing factor is the
“low cost” of unfollowing as Twitter users are able to
easily unfollow with just a single click and the users
being unfollowed are not notified of this action [22].
Of particular note, Kwak et al. observed that users are
less likely to unfollow each other if they engage in fre-
quent interactions [24]. This observation further sup-
ports why our HICD method is able to detect commu-
nities with more persistent links, as these communities
comprise users who share a common interest and fre-
quently interact about this interest.

7. Discussion

While we describe our proposed HICD method on
the basis of Twitter, this method can also be applied
to other OSNs by adapting the notations and defini-
tions to the unique nature of other OSNs. Follower-
ship and friendship links respectively correspond to
uni-directional and bi-directional links (or their appro-
priate representation) on other OSNs. As such, the def-
initions of a celebrity and Int.,; remains unchanged
(as earlier described). Similarly on other OSNs, M, ;
represents the private messages (or wall messages) that
user ¢ sends (or posts) to user j, and I; ; is the fre-
quency of this messaging process. For example, our
proposed HICD method could be used in Facebook by
defining I; ; as the number of posts a user 4 writes on
the wall/timeline of user j.

There are also distinct advantages and disadvan-
tages to both the CICD and HICD methods. The CICD
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method is able to detect like-minded communities us-
ing a single snapshot of the topological structure of the
OSN (i.e., the topological links among users). How-
ever, using only topological links for detecting com-
munities may not necessarily correspond to commu-
nities that are highly interactive. On the other hand,
the HICD method is able to detect such highly inter-
active communities using communication (@mention-
ing) links among these users. However, such commu-
nication links cannot be retrieved in a single snapshot
(unlike topological links) and instead have to be peri-
odically retrieved at specific time intervals. Thus, the
trade-off between the CICD and HICD methods are
with the ease of links retrieval and the interactivity lev-
els of detected communities.

8. Conclusion

In this paper, we proposed the HICD method for
detecting highly interactive communities that are both
topologically more cohesive and connected, and also
frequently communicate about a specific interest. Our
approach uses the frequency of direct tweets between
users to construct a network of weighted links. Using
these weighted links, we then detect the highly inter-
active communities based on a pre-determined thresh-
old. In addition, we studied the topology and commu-
nications patterns among these users and showed that
our approach detects communities that are more cohe-
sive and connected, and communicate frequently about
the specific interests based on the content of #hashtags
and @mentions. Thus, given the availability of tweet-
ing data, our HICD method would be more beneficial
for targeted advertising and viral marketing compared
to the CICD method.

Our HICD method also presents an interesting per-
spective to community detection on Twitter where we
build communities that may not reflect existing fol-
lower/following links. Instead, we detect communi-
ties using direct tweeting links between users. We also
found that many tweeting links do not correspond to
follower/following links and this may be indicative of
real-life relationships where the users are geographi-
cally collocated and know each other personally. This
observation is further supported by our study on user
location which shows that many users reside in a ge-
ographic location that is closely affiliated with their
common interest (e.g., Nashville for Country Music
fans).

We also studied the trends and patterns in how
people behave on Twitter, particularly in the way
they tweet, follow and unfollow other users. We
found trends in tweeting which reflect real-life work-
ing/schooling hours, where there is a reduction in
tweeting activities from 1200hrs to 1700hrs. Our pre-
liminary link analysis of Twitter users over time shows
that users follow other users at a rate of two to
three times as they unfollow other users. This finding
presents an interesting area for future work on inves-
tigating the trends in how users follow/unfollow one
another.

Another possible area for future work involves ex-
amining the correlation between communication fre-
quency and message content with the formation of
links. This would provide a useful model for predict-
ing the formation of links based on the communication
patterns between two individuals and subsequently, al-
low us to study how and why links are formed within
communities. As a user’s personal interest may dif-
fer from the interest of his/her community [16,15], an-
other interesting area is to investigate how a user’s per-
sonal interest may influence him/her in joining or leav-
ing a community in future.
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