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Detecting Community Influence Echelons in Twitter
Network

Waelyi Sun
SUNY at Albany
Ws344453@albany.edu

ABSTRACT

We study the interactions in a coherent communityTevitter to examine its structure. In particulae wxamine if there
exists a hierarchical influence structure inducgdthe interactions which reflect a ranked partitiohthe users in the
community where users retweet (forward) only messagom other users belonging to an equal or higaeked group.

We extract such ranked partition of the communitgd show it to roughly align with independently cwosted influence

score of users in each echelon. Our research sisgipes the relationship and forwarding behaviooitine microblogging

community is affected by the underlying social urfhce structure and the understanding of the sieichay help us better
predict the information diffusion on such onlinemtounities.

Keywords

microblogging, online community, social network s#, network structure

INTRODUCTION

With computing and networking technology thrivingthe past decade, fully-fledged digital deviced ahiquitous network
connection give raise to the rapid growth in midoglging and social networking services, such asttéwcom, Google
Buzz and so on. Such online services enable useradily broadcast short messages anywhere usimgsghany Internet-
enabled devices. The growth and popularity of tleeseices has dramatically changed the way infdomdtows in our life.

As a result, journalism, political propagation, gmduct marketing have thus begun to undergo raenelous transition.
Many a time we find traditional mass media citinwiffer as their information source; we rely on Testand other
microblogging services to get information aboutifid! unrest from local residents when the govesnincut off formal

sources of information; nowadays, we can hardlgl iny major business that is not presenting itselTwitter.com. All of

these transitions fuel our curiosity about the tjoas of “how does information diffuse on micorbipgg services” and
“how do people influence each other on these plai$d. Understanding these questions will help udgebelesign social
media, social media campaigns, as well as bettaposhend the theories of influence in general.

The theories of influence have evolved over thd pageral decades. Earlier theories stress onispeoghortional influence
power of a small number of individuals in a societyo are good at convincing people.(Keller et &l02) (Rogers 1962)
More modern theories argue that the emphasis plandihfluentials” are overrated, and that the natkvstructure among
ordinary users and the readiness of a societgdaoptaa new idea are the key factors that deteriniiigence. (Domingos et
al. 2001, Richardson et al. 2002, D. Watts et @072 These theories remain as theories due toda@mpirical data to
validate them. The recent growth of microbloggirgvices provides a suitable environment for suclpigoal studies.
Services, such as Twitter.com, provide a vast dtyaat recorded information of user’'s informatiohasing behavior, the
majority of which is publicly accessible. User'§drmation behavior leave digital traces on thesBnenplatforms that
enable researchers to examine real social netwidtnprecedented levels of scale and resolution&ifoerg 2008)

In this paper, we observe a semi-hierarchical arfiie structure in a cohesive Twitter communityeémis of the retweet
relationship social graph -- the retweet graphh@ tommunity is found to be highly acyclic. Weraxt the partial order in
the retweet graph, and show that the resultinglenkematches quite well with a social influenceidatbr constructed by
measures of user influence, including number efilis, hub/authority score of friendship, numbemeftions, and number
of retweets.

The next session starts with introducing the besitcepts, definitions and background of Twitter.camd then put forward
the network model that we use in this researcherAfie Data Collection section, we present thecatiins of the existence
of the above described echelon structure and caripavith a social influence score constructed byuaber of influence
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measures. The fact that the derived echelon, testegree, reflects the users’ influence measuggests that the retweet
behavior is largely governed by the underlying shiararchical social influence structure.

Related Work

Twitter.com has been brought to academic attergimntly after it just began to prosper. Early reskas focus on providing
descriptive information about this new form of sdaietwork. A Java et al(2007) studies the topaalgand geographical
properties of the Twitter social network by collagt and analyzing all the messages posted on Twditeng a month;
Huberman et al(2008) examines a dataset of 308465 and finds that users pay attention only limiged subgroup of
their declared “friends”; Krishnamurthy el al (2QG®llects tweets and user information by sampiimgpublic timeline and
active users, and classifies users and their betsavi

Recently, more researchers start to look at udkreimce on Twitter.com. (Kwak et al. 2010, Wengakt2010, Cha et al.
2010, Bakshy et al. 2011). The results and recordat@mns are somewhat contradictory. Kwak et &1(® compare three
different measures of influence (number of follosyePageRank, and number of retweets), finding BedeRank and
follower rankings are similar but retweet rankisgjuite different. Cha et al. (2010) also comphred measures: number of
followers, number of retweets and number of mestisaporting that the three measures have modeoatelations. Weng
et al.(2010) develop a topic sensitive PageRarkilileasure, TwitterRank. Bakshy et al. (2011) tthekpassing of URLSs.
and use regression tree model to find out thajptst performances are the best predictors anduimber of followers is
also an informative predictor.

Most of the above mentioned researches try to bodhlisive datasets — not putting any boundaryhair tdatasets, with the
exception of Weng et al. (2010) who collect theitadet within a geological boundary— Singapores Tork differentiates
from previous research in that its target datasatdarefully chosen cohesive sub-community offivéter network — a tech
enthusiasts’ community. Given the drastic hetereggrnin user behavior among Twitter users, the @ctlynamics of a
certain user subgroup can be completely differeminfthe overall characteristics of entire completwork presented in
previous researches. It is common for a complewadt to show a locally-focused community structyteancichinetti et al.
2009) In a large social network such as Twittea’siser is most likely to interact and influenceydmik/her local community.
Observation at the level of the entire network roagrlook what is truly going on at the communityde Moreover, instead
of selecting arbitrary measure of influence, weuton the underlying influence structure and uiaénce measures only as
validation and comparison. We are not aware of ailer literature that studies the structural pripef a cohesive
community on Twitter.com.

TWITTER NETWORK MODEL

We define the network model that describes the idations and behavior ties in the Twitter sub-ommity in this section,
after a background introduction and term definitad T witter.com

Twitter.com

Twitter is one of the most popular microbloggingveees. It allows users to post messages, up to chibdacters per
massage, known as tweets. Tweets are displayelecauthor’s profile . By default, all tweets ane@wuprofiles are publicly
accessible, unless otherwise specified by the user.

Users can subscribe to other twitter users. THis@ibing action is called “following”. The usefsat one follows are called
one’s “friends”. Users will automatically receiveettweets posted by their friends. The “friendshigdation needs not to be
reciprocal. One can follow any other user as loagach user has a public profile. Users will bdfieot when they are

followed by others, and they may choose whethéoltow back or not.

One can mention other users in a tweet, by refgtortheir screenname with the prefix “@”. For exdan “meeting iMouse
team with @duoshute”. Tweets that contain such @est are called “mentions”. The user being mermthnor being
“replied to”, will receive a notification. Mentionallow users to conduct public conversations. Bgliagl the letters “RT”
(case-insensitive) in front of an screenname, itumglerstood as a retweet behavior (forwarded mejsagg. “RT
@TheNextWeb: Breaking: Wikileaks is down on vergenassive documents dump”. Another symbol thatigely used in
tweets is the “#” sign. Beginning a string with “8fgn indicates a tag or topic. For example, “Riesi Bill Clinton speaking
at #time100 http://yfrog.com/2mbkzwj”. Topic sigmeake tweets easier to follow.
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Social Graph Definitions

In this paper, we use the following graph modeld&scribe the sub-community that we observe anddlaional and
behavioral ties among members in such sub-community

On the set of Twitter users in the selected sub—commuﬂnjty{ui |i =1,2,+-n }, we define 3 relations:

R Friendship relation a friendship relation exists from actorto actoru, if u; follows u, on Twitter.

R, Mention relation a mention relation exists from actay to actoru, if within u; 's latestt, tweets.t, is a threshold
value.

* R, Retweet relationa retweet relation exists from actoy to actoru, if within u; 's latestt, tweets.

Let directed graphG (U, Al) represent theR networks (i=1, 2, 3). Each Twitter user observeaur sub-community is

represented by a vertex@. A is the arc set 06, is determined by th&® relation: an arc exists from vertex to vertex

u, if and only if there is anR relation fromu; to u, . Figure 1 is an illustration of the network modeéldepicts some
Friendship MentionandRetweesub-graphs of our dataset.

A

Figure 1. A network visualization (ego: the blue node): the yellow
edges represent Friendship relation; green edgesfor Mention relation
and thered edges for Retweet relation.

DATA COLLECTION

To examine the relational and behavioral patterma icoherent sub-community on Twitter.com, we setespecific sub-
community and use the Twitter API® collect the social relations and interactionmag them. For privacy concern, only
those who choose to open their profile to the mukill be included in the dataset. All the infornaat in this dataset can be
obtained from the Twitter website without passwprdtection.

! hitp://apiwiki.twitter.com/Twitter-API-Documentati
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The sub-community of choice is a group of popukhnical enthusiasts, including technology bloggergrepreneurs,
ventures capitalists and developers. The reasosefecting this specific sub-community is threefdistly, the members of
this community are among the first adopters of Thétter service. They are most familiar with thefieres and usages of
this service, and usually indicate the future temgeof the Twitter network. Secondly, this is a M@innected and active
sub-community, which ensures that the communityabéve and functional. Lastly, this is a group imhigh news and
information is highly valued and efficiently diffed. The structure of this sub-community may providenew knowledge of
the information flow on Twitter.

Data Collection Method 2

As the starting point, we choose the accountsdistehe FavStdr “Top 50 Tech? list . The “Top 50 Tech” list contains the
48 Twitter accounts that generate the most twéetsare “favorite” by many people. For our datdemion purpose, this list
approximates the core set of user in the targeta @f technology enthusiast community.

From this set of users, we adopt a snowball daleation strategy — to repeatedly include existtagget users’ Twitter

contacts into our target dataset. The challenghénsnowball data collection strategy is to enshes the users whom we
add to our dataset are actually the ones thataieely involved in this sub-community. Simply imcling all the declared
“friends” of a user ( the accounts that the usdio¥es) is problematic because some users followkbagerybody who

follows him/her, which leads to as many as 300,d@8lared friends. Clearly, Not all of these foll@sefit our data

collection purpose in that many of these users tdactually interact with any of the users in outadat and thus do not
belong in the sub-community. To keep our target gseup cohesive, we collect the maximum of 40@rfds from each
user, and put together the base user set of 2&ffiats. We impose two additional criteria to further emsthe activeness
and coherence of the final selected cohort, thahéesuser should either get “voted” as friend hyltiple different base user
set members (to reduce the chance of accidentadiyding an outsider) or have been involved in @vsations with

members from the selected group. After testingeddfit thresholds, we decide to select users whdriarels of at least 45
(2%) other accounts in the base user set (as titieft value provides a reasonable sized useraethe purpose of this
study) and those who has been mentioned by at2emsimbers of the selected group. The final use@®tists of 775 users.
We retrieved the latest 200 tweets of these usBr6I8 tweets in total, 72,870 of which amentiors, among which 10,609
tweets areetwees.

Dataset Overview

The final dataset consists of a user-attributeetadfl the 775 target users and the 3 directionalticegls among them:
Friendship MentionandRetweet

The user-attribute table contains profile inforroatiof the users, including their Twitter User IDaimNe, Twitter
ScreenName, Location, Description, URL, total numifefollowers on Twitter, total number of frienddie account’s date
of creation, the number of tweets that she faveriéad the total number of tweets that she eveedo&eographically, the
largest subgroups of the dataset are from Calidofaiound 25%, 65% of which are from San Francjdotipwing by New
York ( about 10%). The average number of followarthe dataset is 163,916.

The network statistics in Table 1 below is to pde/some statistics of the dataset. Noticing thaRétweetgraph have a
large portion of isolate nodes, we also providedéesity of the linked components of tRetweegraph.

Density (Faust. 1994) is defined as the numberdgée of each graph divided by the number of passitibes in the graph:

. :'%mw—l)

As described earlier, tHeriendshiprelation is the most common relation in this dsgg and has a density of 0.0307. It is
much higher compared to the reported 0.000107 feinsprevious literature (Java et al. 2007), beeaof the user selection
criteria that we use here. TiMention relation occurs about half as often as Emendshiprelation. A user can mention
another user whether the other user is his friengot However, most of thilentiors happens between friends(Huberman
et al. 2008). Th&®etweetelation observed in this dataset is rather sparse

2 The Data collection of this research was completetilay 5, 2010. Final data set is available atHsipnweiyi.com/TwitterInfluence/
® http:// favstar.fm  Favstar is a service thatks the most favorite tweets on Twitter

4 The current list can be found http://listorious.com/Favstar/top-50-tecFhe list that this research used can be fournkerdata packet.
® It should be noted that the number suggests ltiea¢ is significant overlap in the friendship rieglatin this selected group.
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Reciprocity is the ratio of the number of reciproedges over the total edge count. The reciproaftyriendship and
Mentionrelation in this dataset are around 0.21, whicheiy close to the 0.2Briendshipreciprocity reported in (Kwak et
al. 2010) TheRetweetrelation displays the least reciprocity. The oitedness of these relations motivates us to look at
directedness of the ties beyond dyad level --ratevork level.

Friend (G1) Mention (G2) Retweet (G3)
Density 0.0307 0.0154 0.0027 [linked: 0.004p]
Reciprocity 0.2144 0.2128 0.0455
|Eil 18428 9261 1607
Number of Isolates 1 9 205

Table 1. Basic network statistics

SOCIAL ECHELONS DETECTION

Indication of Partially Graded Structure

In his book chapter(Krackhardt 1994), Krackhardéedeps a method for measuring the degree to whishcgal network

displays a hierarchical structure. He compares fyraph theoretic measures of the social network foure hierarchy
structure — a directed tree. The four measurehbeses are connectivity, graph hierarchy, grapbieffcy and least-upper-
boundedness. They are necessary and jointly siiticionditions for a graph to be a directed tree.

Nonetheless, it is hardly possible for an informaanization to resemble a strict hierarchicaldtral, because it is usually
made up by smaller local communities which causarlapping smaller structures. To allow overlappétigictures, we will

instead examine whether the network resemblesdedrgraph. Here, a grading of a directed gr@tx, A) with vertex set
V and arc setA, is defined as a partitioning &f into V,,V,,---,, such that ifxy] A, then x0dV, and yOV, ,wherei < |
for some i, j. (Bollobas 1998)

Clearly the necessary and sufficient conditionda@raph to have a partial grading, is that thectek graph is acyclic. That
is, if there is a directed path from to x in a graphG , then a directed path from to x,doesn’t exist inG. The

requirement is equivalent to what Krackhardt defias “graph hierarchical” index. Thus, we will Weackhardt Hierarchy
index to measure the degree to which a social m&ttemds to be partially graded.

To compute the Krackhardt Hierarchy score of aatée graphG(V, A), we first get the reachability gragﬁ,g) of G:

GR(V, ,"Ak) ,where xy[ A, iff a directed pathP exists in G, whose head and tail are x and y respectivedyy(1V ). The
Krackhardt Hierarchy score is defined as the pgaggnof unsymmetrical ties in the reachability grap

L _fobeoa oy
A

Hence, H is a value in [0, 1] that indicates theytdic” level of the original directed graplG . A strongly connected cycle
has the H score of zero because each pair of gsricstrongly connected in both direction, wheeedsected tree has the H
score of 1 in that it is acyclic and each direqiath is not reversible.

For each of the three relations, we calculate theckhardt Hierarchy score (Table 2). To understiwedaverage expected
Krackhardt Hierarchy value in a network of simitaze and order, we also computed the Krackhardtarttay score of 50
775-vertex random graphs of size 1607, 9261 an@?8.8%he average H score for a network of the sameas Retweet
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network is around 0.3895(Standard deviation 0.0B2}. networks of similar size as the Mention aniéidship networks,
the average Krackhardt Hierarchy scores are 0.8010a000 respectively with standard deviation<<00@ Thus, we find
that all three networks have high Krackhardt highgirscores, especially the Friendship and Retwe@tork.

Friend (G1) Mention (G2) Retweet (G3)

H Score 0.6411 0.1363 0.7912

Table 2. Krackhardt Hierarchy Score

As demonstrated above, high Hierarchy score infegsapproximation towards a partial grading. In Thatter community
social network, the occurrence of the partial grgds likely to suggest that the relations are eiteed by social status,
prominence and influence. Prominent users are iilaly to be followed by but no follow back lessopninent users; users
are more likely to retweet those who are more pieent. On the other hand, Twitter users use the f@thtion action to
carry on public conversations. The relatively lowagkhardt Hierarchy score of tientionnetwork (compared to the other
two networks) suggests that in this organic commyumhembers seek to communicate with each othéowilg a less
hierarchical structure.

Obtaining DAG

As shown aboveRetweetis a highly directed behavior. Only 4.6% of ttetweetrelation is reciprocal. In another word, if
one has retweeted other people in their most re2@htweets, on average, only 4.6% of them have eteeeted one back
in any of their latest 200 tweets. Moreover, on88% of the paths in thRetweetrelation graph that are cyclic, which
suggests that this graph is quite “close” to archecygraph — the equivalent representation of digasrder. In order to find
such a partial order, we need to convert the graghDAG.

There are several ways to convert a regular didegraph to DAG. A well-known solution is by solvirlge minimum
feedback arc set problem. Given a weighted diregregh G(V, A), the minimum feedback arc set problem consists of

finding a minimum weight set of arc&' 0 A such that the directed gra@'(V, A\ A) is acyclic. (Karp 1972) However, in

our case, it is difficult to define what is to banimized, because each retweet bears different leVaignificance in
determining the “prominence” of the sender and ixexe but theretweetgraph only contain information about retweet
frequency, and there is no information about homp®rtant” each retweet is. Besides, it is not pedfke if the final
echelons obtained by the DAG are sensitive to ¢lecton of the arc set.

}\ & D =3
N

Figure 2. Examplereélation

To avoid arbitrary removal of links, and to enstirat the DAG outcome is unique and reliable, e a different strategy
to obtain a DAG, by grouping strong components. tforgy component of a directed graph G is a maxistedngly
connected6 induced subdigraph of G. All the vestitea strong component are reachable to each. dtimrre 2 shows a

® A directed graph G is strongly connected if foy amo vertices of G, there exists a directed closatk containing both of them.
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digraph in which node A, C and D form a strong comgnt. If this were a subgraph of the Retweet n¢nibwould mean
that A retweeted C, and C retweeted D, and D reatdeA, which put all of them on equal grounds. His tsub-community,
we would think that A, C, D are in the same echglghile B is probably “superior” to them becausks tstrong component
forwards B’'s messages, but B has never forwardgdo&mheir messages. If we treat node A, C and Dras entity, (see
Figure 3), we can obtain a simplified digraph wétlclear order. In short, the basic idea of thiategy is to find strong
components in th&ketweetgraph, and treat each strong component as a néty, éhus reducing reciprocal arcs. The
underlying assumption is that users who retwedt etteer belong to the same echelon.

The algorithm is described below. The basic ide#oidind strong components in tHeetweetgraph, treat each strong
component as a new entity, thus reducing recipraoed, and repeat this process until a DAG is abthi When building
blockmodel, we use the criteria. (Wasserman et al. 1994) Since we usuaiynot expect all the users in a block to be
structurally equivalent actors — to have blockabf0’s or positive values, it is common to compétre block density §)
with the overall densityq ) to determine whether the block will take O orifies value:

0 o<a

> a d=za
alblock

bl =

Algorithm GetDAG(G=(V, A))
Begin
While ( G is not acyclic)
Begin
SC<-(empty, empty)
SCSet<-empty
While (G contains a strong component) %Phase 1: get all the strong components
Begin
Let SCC be a strong component in G.
G<-G\sC
add SC to SCSet % set SCSet stores all the SC s ubgraphs
End
V'<-{All the singleton vertices in G, and all the s trong components(each component is treated
as one new vertex) % Phase 2: create
blockage graph
A’-<{Singleton-singleton arcs remain the same, arc weight involving block entities are decided
by an alpha density criteriontwork
G=(V', E)
End
End

Social echelon — Partial Order Extraction
The second step is to convert the DAG to partiatigs. That is to obtain a partition of the vertexhie DAG, (Vl,Vz,--- ,Vk)

, such that ifxyd A , then xOV, andyOV, ,wherei<j forsome i, j. If there exists a link betweeneatex inV, and a
vertex inV; (i <j), the direction of the edge must be pointing fr¢m to V; . In the context of the Retweet network, users
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in Vv, retweet users iV, , but not the other way around. Although the phdiaered partition is not unique, the relative
positions of the users still convey important imiation about the underlying structure of this netwo

The partition is obtained by recursively removiriigtize “source” vertices — vertices with 0 in-degrand assigning them to
s. The algorithm generates a partition of 8 subJéts result is shown in Appendi%.1

Social Influence Score

To test whether such echelon reflects or contaifarination about the social structure, or if itjust coincidental in this
dataset, we construct an approximation of the’sisecial influence to compare with the extractedeton.

A number of researches have looked at the meadurdluence in Twitter networks. (Kwak et al. 2010ha et al.2010,

Bakshy et al. 2011) Popular choices of influencesunees includes the number of followers, numbeetteets, number of
mentions, and PageRank score. Instead of usingpestmeasure, we use the first dimension Prin€methponent Analysis

score of the chosen measure. This one-dimensiae $€dhe best one-dimension representation ofrteasure data. Since
we extract our echelon from the retweet network,cheose to use a set of measures that are indapteotithe retweet

network, including Friendship relation authorityose, total number of followers, Friendship relatinrdegree, and Mention
in-degree.

 Friendship relation authority score: Hub/Authoritya recursive ranking procedure that was origynd#tsigned to find
highly endorsed websites, the “authorities”, anghhji valuable lists that endorse other websites, lihbs, using link
analysis algorithm. (Easley et al. 2010) (Kleinb&@9P8) The Friendship relation between Twitter ssmsembles that
between websites. A Twitter user automatically getes a list of “friends” that he/she chooses ttwfa The list is visible
to other users in the community, and serves aenkdersement of that user. It is likely that thersigbat follow a lot of
important people have better ideas about whererh@inent people are. The users who follow higlelyutable users will
get higher score as a hub. The users that areMetidoy high hub-score users will get higher scarawathority. Only the
authority score is included as a measure becausditates the prominence of a user. Since Ment@ation represents
dialog rather than endorsement, its hub/authodtyes will not be included.

* Number of followers: The second factor that we tadte account is the user’s total number of follosvéA user’'s number
of followers is the most straightforward index b&tuser’s social influence in the Twitter community

 In-degree of Friendship Relation: While the totaimber of followers score measures a user’'s popularithe entire
Twitter network, the in-degree of the Friendshilatien shows the user’s popularity within this stdmmunity.

* Number of mentions: Although we cannot infer theiabstatus of a user just by looking at who reptie his/her message,
the response rate of one’s tweets can reflect miitance of the user in that people usually payenaitention to
messages sent from a prominent user. Table 4 bkdtsvthe network level in- and out- degree ceitadion of each
relation. Notice the high in-degree centralizat@fnthe Mention network. It indicates the high heterogeneity afoadn
degree centrality in the network. Comparing witle tlelatively low out degree centralization, it segig that although
people reply to other users’ messages quite evenly, a few key users get more responses. Besitdbe technology
enthusiasts’ community, oftentimes, it is the pggstis users who have access to new and groundbgeédéch news
stories that fuels discussion.

Centralization Friend (G1) Mention (G2) Retweet ]G3
Avg. Out degree| 23.77806 11.94968 2.073548

Avg. Out degree
of those with 38.7958 25.2678 6.7014
out-degree >=1

In Degree 0.2112 0.4956 0.1681
Centralization
Out Degree 0.237 0.1205 0.0879

Centralization

" Full result can be found in the data packet.

Proceedings of the Seventeenth Americas Conferenteformation Systems, Detroit, Michigan Augu$&4 2011 8



Sun

Detecting Community Influence Echelons in Twietwork

Table 2: Network Overview

The table below shows the mean and standard daviafi social status scores in the eight echelosgeatively. It is to be
noted that since the partial order partition frol@®is not unique and our partial order extractitgoathm doesn’t optimize
for the best representation, which may cause tigh bitandard deviation. Nevertheless, with the ekmepof V3, the
echelons and the social scores match quite well.

Mean Star)da}rd

Deviation
V8 55.37 65.63
V7 39.42 56.65
V6 20.95 81.90
V5 14.40 43.88
V4 1.18 29.38
V3 11.01 41.64
V2 2.39 40.28
V1 -13.41 17.17

Table 3: Social Scores of Each Echelons

CONCLUSION AND FUTURE WORK

In this research, our major finding is that in thishesive Twitter sub-community the retweet beh@vibmong users are
affected by the underlying echelons of social iefloe. The matching between the extracted echetahtha social influence
shows that the presence of such echelons is rmanai¢nt phenomenon since it is mapped with thg-term measures of
influence such as number of followers, authorityrecof friendship relation and so on. This prop&ig not been reported in
researches on generic Twitter Networks. Howeveraalowledge that our dataset is relatively sniadl eonsists of only
one community, which leaves room for further wolls. the next step, we attempt to identify overlagpogommunities in
Twitter network, and study if influence structusndie found in these communities. The result &f thgearch also suggests
that even in an informal, organic community suchtesonline technology enthusiasts community, seigtiarchical social
structure also presents itself, which indicatesessimilarity between online and offline community.
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APPENDIX 1

Detecting Community Influence Echelons in Twietwork

Echelon(# of users)

List of User IDs

'816653" '652193' '972651' '6273552134B282' '13'

V;(6)
V. @) 57203 783214 2172 8453452 '@ID7 ‘30863 94143715 586 204321959
! '44570946'
V.29 36823 1051171 2729061 18359512528 414 15738725 14348504 6GIB7L
6 '33423' '30313925' '817386' '37570179'....
V. 62:2) '61133+5005672' '819606+815073  '8205856953157' 6735 418 5637652 A0AT"
° 732073 '18327902' '11113' '142231817268"....
V, 10+173) "12+10002481+6141832+16895951+1344951+2713951+30089102+648+.... '6503412'
4 21879024 '5676102' '82788404' '14331688'
V. G6) 3829151 618593 12019742 '147128782514 ‘41783 663463 755859 '6BA60
3 '33923' '7846' '6897142' '14334532...
V. 00+1) "12101862+14980437° '10938882 '625328P1661' 678953 0184282 13461 'BA30
2 "10202' '13479' '10990'....

"15827269+9641832 '11231232+12741 '1922540297382 17218144 98035778
V, (153+2)

'799722' '7090182' '12565032' '1449272255431' '765694'
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