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ABSTRACT

Social Networks are created whenever people interact with other people. Online Social Networks, like Twitter and
Facebook gained considerable popularity in the last years. With the popularity of Web applications and increasing
reliance on mobile handheld devices, socializing over the Web has become an integral part of our daily lives. Twitter is a
social networking and micro-blogging service; it creates several new interesting social network structures. In this sense,
our main goals are study and analyze topological structure of retweet network and investigate the power of retweet
mechanism. The findings suggest that relations of "friendship" at Twitter are important but not enough. Still, the
centrality measures of a node importance do not show how important users are. We uncovered some other principles that
must be studied like, homophily phenomenon, the tendency of individuals to associate and bond with similar others.
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1. INTRODUCTION

The recent proliferation of Internet social media applications and mobile devices has made social connections
more accessible than ever before. In the last few years the number of users of online social networks like
Facebook, MySpace and Twitter gained considerable popularity and grown at an unprecedented rate (Kim et
al. 2010). Twitter is a social networking and micro-blogging service. Twitter allows users to communicate
and stays connected through the exchange of short messages, called tweets. These posts are brief (up to 140)
and can be written or received with a variety of computing devices, including cell phones. Twitter creates
several interesting social network structures. The most obvious network is the one created by the “follows”
and “is followed by” relationships without approval, these create a different type of ties, where the
directionality of tie is important (i.e. who is following whom)(Hansen et al. 2011). Unlike most other online
social networking sites (like Facebook, etc), following on Twitter is not a mutual relationship. Any user can
follow you and you do not have to follow back. Relationships at Twitter that are reciprocated are different
and perhaps stronger than those that are not, and they are called “friendships”. Twitter users follow someone,
mostly because they are interested in the topics the user publishes in tweets, and they follow back because
they find they share similar topic interest. When a user posts a message, if other users like it, they repost it (or
“Retweet” - RT), and a large number of users can be potentially reached by a particular message. Based on
this context, we looked at the problem through two perspectives: first, studying topological structure of user’s
RT alter and ego-network, second, ranking nodes based on strength of RT ties. In particular, we investigate
the influence of “retweeting” mechanism in health information messages context. The outline of this paper is



as follows: Section 2 presents the background of the research in the context of social network analysis;
Section 3 we explain the data extraction technique and network modelling approach and data analysis and the
methodological approach; Section 4 we discuss the results and future works and finally we present the
acknowledgment, and References.

2. BACKGROUND

One common type of social analysis is the identification of communities of users with similar interests,
and within such communities the identification of the most “influential” users. Efforts have been made to
measuring the influence and ranking users by both their importance as hubs within their community and by
the quality and topical relevance of their post. Some of these efforts are: (Balkundi & Kilduff 2005; Bar-Ilan
& Peritz 2009; Bongwon Suh et al. 2010; Boyd et al. 2010; Cha et al. 2010; Gayo-Avello 2010a; Gayo-
Avello 2010b; Gruhl et al. 2004; Nagarajan et al. 2010; Nagle & Singh 2009; Pal & Counts 2011; Romero et
al. 2011; Sakaki & Matsuo 2010; Sousa et al. 2010; Welch et al. 2011; Yamaguchi et al. 2010; Ye & Wu
2010; Kwak et al. 2010). Most of these researches are based on: follower, tweet and mention count, co-
follower rate (ratio between follower and following), frequency of tweets/updates, who your followers
follow, topical authorities. Centrality measures such as Indegree/Outdegree, Eigen Vector, Betweenness,
Closeness, PageRank (Page et al. 1999) and others have been used to evaluate node importance too. Each one
of this metrics evidences a class of issue. For instance, Betweenness Centrality represents a node that occurs
in many shortest paths among other nodes; this node is called “gatekeeper” between groups node. Closeness
Centrality is the inverse of Average Distance (geodesic distance). Closeness reveals how long it takes
information to spread from one node to others. Eigen Centrality measures take into account Hub-centrality
(out links) and Authority-Centrality (in links). According Bonacich (Bonacich 2007), “Eigenvector Centrality
can also be seen as a weighted sum of not only direct connections but indirect connections of every length,
thus, it takes into account the entire pattern in the network. These measures are especially sensitive to
situations in which a high degree position is connected to many low degree or vice-versa.” Nevertheless,
sometimes we must take node importance into full consideration based on several criteria that incorporate
more global information. Evaluating node importance with a single metric can be considered incomplete and
limited as it couldn’t capture the specific differences among nodes.

3. RESEARCH METHODOLOGY

3.1 Dataset Collection and Network Topological Structure

In this section we discuss about data collection by enlighten our data crawling methodology, the applied
statistical data analysis, the statistical inference and its goal and also we detail the topology of two ego-
networks. We have crawled with NodeXL (Smith, M et al. 2007) about 152 Tweeter’s users in accordance
with link “how to follow” and later “browse interests”, and then we searched for topic “health” during March
2011. Afterward, we selected 100 users that have a website or a blog associated to health subject. From each
of 100 seeds users, we extracted about 200 RT per user in a total of almost 4350 RT. Kwak et al. (Kwak et al.
2010) demonstrated that the median number of tweets per user stay between 100 and 1000, indicating that
our RT size sample (200 RT) is suitable. The RTs are marked with characters RT or via @ + “screenname”,
therefore, we extracted either both replay tweets and mention. The RT ego-network Gz was modeled as a
direct graph where each node u € V represents a user (total 1237 nodes) and each edge ay = (u;,u;) € A
represents a RT relationship (total 1409 edges), i.e., an edge ay from u;to u;stands that user u; “retweet”
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user u; . Every edge a; € Ggr has an associated weight w,, defined by: w,, = Ry +a

Where ¥ RT; is the retweet count of u;, RT pq, is the maximum number of retweet. The parameter a is
a sort of discount rate representing Twitter relationships: (a) following, (b) follower, (c) who are reciprocally
connected and (d) when relationships - follower or following - are absent between users. Using this notation,
if an individual u; is a “follower” of u;, then & ~ 0.07 and if is “following” then & ~ 0,14, if is both follower




and following then a ~ 0,15 and if the relationship is absent then a ~ 0,64. The parameter a was calculated
in accordance with relationship ratio in a dataset (Figure 1). The parameter e intend to discount the weight of
the follow phenomenon, since many celebrities and mass media have hundreds of thousands of followers.
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Figure 1: Pie chart of RT relationships in a dataset.

3.2 Ranking Node Approach

Most of such approaches discussed herein, rely on only single measure to determine influence among
users. Jianwei Wang et al. (Jianwei Wang et al. 2008) described a method to discover influential users in
Twitter. The work is really interesting; these researchers proposed a balanced method for evaluating node
importance based on three Centrality measures: Degree, Betweenness and Closeness. They tested their
method in a real-world network, the sexy relation network of the AIDS. Nevertheless, they have not taken
into account any other additional information such as weighted ties. In this sense, motivated by their research
our methodological approach is based on combining standard metrics with adjustable weighted parameters,
considering not only the topological importance of a node, but also the strength of ties, i.e. the retweet power.

F-measure is generally accepted at Information Retrieval as evaluation performance methods and by far
the most widely used. It has been past more than 15 years since the F-measure was first introduced by van
Rijsbergen (Rijsbergen 1979) . He states, the F-measure (F) combines Recall (R) and Precision (P) in the
following form:

(B+1)P*R 1+
2P+R :
P %* P

Where s a parameter that controls a balance between P and R. When =1 F comes to equivalent to the
harmonic mean of P and R. If > 1, F becomes more recall-oriented and if 5 < 1, it becomes more precision
oriented Fo = P. Hence, we assume the importance of each centrality measure Betweenness - BC, Closeness -
CC, PageRank - PRANK (Page et al. 1999) and Eigen-Vector - EC. Then, Let Rank be a linear combination

of metrics with associated weight defined by: Rank = % and CM w) =1 (+8+ 0+y) =

F(R,P) = where (0 <B <o)
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k=1 T,
1 is the weighted parameter and X is a set of four measures: {BC; CC ; EC;PRANK }. The “control balance”
is used in the same way as in F-measure. The first hypothesis is all of parameters have same value (line one
in Table 1): 6§ =0.25; B = 0.25; 8 = 0.25; y = 0.25, and afterward each of these is weighted according
each line of Table 1. The Table 2 displays the top 20 ranked nodes using our approach the five weighted
schemas (Table 1). Therefore, depending on issue involved, the weight can be modified to rank nodes. For
example, if we want to identify importance of the node which acts like a “bridge™”, in that case, it must be
used the BC weighted scheme (line two in Table 1 and the result in Table 2 column 3). In order to gain
insight of the ranking method, we associate each position (the top 20) with a value following this: the first top
position received 20 points, the second position nineteen, and successively decrease one unity until the last
one, that received one point. We perform that method for each of column results in Table 2.Then, we
compute the sum of all nodes individually and the results of the recurring top 20 are displayed in Figure 1.
We identified the relationships between top 20 recurring (Figure 1) and the users who replayed their tweet.
As we discuss herein we had have hypothize that reciprocal relationships are perhaps stronger (at Twitter)
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than those that are not. However, that hypothesis does not prove itself. We do not ascertain this finding in the
top 20 rank, the relationship was mostly follow.

Table 1. Weighted parameter

Measure / Weight ) B 0 Y
1.Equal weighted 0.25 [0.25 [ 0.25 | 0.25
2.BC weighted 07 |01 |01 |01
3.CC weighted 01 |07 (01 (01
4.EC weighted 01 |01 (07 (01
5. Prank weighted 01 (01 |01 |07

Table 2. Weighted parameter

Top 20 Equal BC CC EC PRANK

Weighted Weighted Weighted Weighted Weighted

1 UC19 UC19 UC19 uc2 UC19
2 uUc2 uUcC48 uUc2 UC19 UC?2
3 UcC14 UC14 UC14 UC14 UC14
4 ucC4s8 UC53 ucC48 UC96 UC48
5 UC96 uc2 UC96 uc4s UC96
6 UC53 UC16 UC53 UC39 UC53
7 UC39 UC96 UC16 UCs89 UC39
8 UC16 ucsl UCcr71 UCcr71 UC16
9 uc17 Uc17 Uc17 Uc17 Uc17
10 uCs89 UC71 UC39 UC75 ucC89
11 UCc71 uc37 uC89 uUcC3s Uc71
12 UC75 UC39 uUC3 UC16 UC75
13 UC3 ucCs89 UC75 UC53 ucsl
14 ucCsl UC95 ucsl UC95 UcC3
15 UC95 UC75 UC95 uUcCsl UC95
16 ucCss uC8s uC8s uUCs8 uUCs8
17 uC3sz UC3 ucasz UC24 uCcasz
18 uc24 ucz4 uUcC24 uUC37 UC24
19 UC100 UC100 UC100 UcC100 UC100
20 UC15 UC15 UC15 UC15 UC15

Afterward, we evaluated the recurring top 20 with: (a) our methodology with RT capability (displayed in
Figure 1) and the results are shown in column 1-4 in Table 3 and (b) without RT weighted links, they are
respectively calculated from four methods: BC, CC, EC and Prank and the results are shown in column 5-8 in
Table 3.
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Figure 1. Bar chart of recurring top 20 nodes

As shown in Table 3, the nodes with highest RT values gained enhanced position, for example, nodes
UC19, UC48 and UC53. In spite of their location are not more central in the network, their importance was
more significant as a credible source. We uncovered that top k ranked nodes do not necessarily have highest
values of RT. The UC2 node act like a bridge (“gatekeeper”) and it is in fourth ranking in Figure 1. This
findings suggests that centrality measures associated with our weighted ties approach controls the node
importance, i.e., despite top k node in Table 3 column one are considered a key nodes, other influential
nodes play an important role as being a believable information provider too; for instance, UC19 and UC48.



Table 3. Top 10 ranked nodes with two approaches

Rank user 1D without RT weighted ties user ID with RT weighted ties
1 uUC37 uc19
2 uc14 ucl4
3 ucz2 uc48
4 UC16 ucz2
5 UC19 uUC53
6 uC88 UC16
7 uCc100 UC96
8 UC53 uCc39
9 ucsl uci7
10 ucz24 UCc71

4. DISCUSSION

Our goal was mostly to analyze and evaluate the power of retweeting. Hence, in order to address this
goal, we proposed a topological network structure to represent the strength of RT; and also a weighted
parameter to estimate this influence. Based on this approach, we ranked the nodes by its authority and we
tested the F-measure method to control the top ranked positions. As a case of study we used Twitter
community relationships; particularly the ego-network relationships who have an interest in healthcare. The
experimental results offer an important insight of the relationships among Twitter users. The findings suggest
that relations of "friendship"” or follows are important but not enough to find out how important nodes are.
Further, the study also gives us a clear understanding of the how measure selection can affect the rank.
Choose the most appropriate measure depends on what we want to represent; for example, in/out degree,
Eigen-Vector and even PageRank operate look alike “edges counts” as the “popularity” measures.
Conversely, closeness and betweenness centrality measures specify the key position that a node occupies in a
graph. The results also shown that centrality measures associated with our weighted ties approach controls
suitably the node rank. Moreover, we have observed that in Twitter community, trust plays an important role
in spreading information; it motivates a user to reply messages to other users, thus, the culture of
“Retweeting” demonstrate the potential to reach trust for dissemination of information. We uncovered other
some principles that must be studied like for instance, homophily phenomenon. According to Macpherson
(McPherson et al. 2001), homophily is the principle that a contact between similar people occurs at a higher
rate than among dissimilar people. Homophily suggests that people with similar backgrounds with regard to
their socio-demographic, behavioral and intrapersonal and others characteristics tend to established ties.
Thus, we plan to expand our study by incorporating this approach. Last but not least, we aimed to extend our
experiments combining topological structure, others relationships besides RT and homophily and evaluated
the results with other approaches proposed in literature.
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