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Abstract: Due to the spread of technology and world wide web, onlinégasotedia has invaded every home in the world; hence, the
analysis of such networks is considered an important yélesitgang case of study for researchers. One of the mostestiag fields of
study in social network analysis is identifying influentislers who are important actors in online social networksdwriy an impact
on others. This work investigates the problem of identifyinfluential users on Twitter. Since Twitter is a user-fdBninteractive
platform, it is now an apparent competitor to other sociatliag as far as user interaction. Twitter is browsed by a tfagéusers,
the most important are the most influential ones among thermadrder to identify influential users, a data set is calechetween
December 2015 and March 2016 reflecting real tweets fromapérendy hashtags on Twitter. In this paper, different messare
used such as influence measures, centrality measures anty aseasures. In addition, association learning has hesenl to detect
relationships between users. After identifying the infliedrusers from association learning, these influentiatsiaee compared to the
results of the abovementioned measures. The results déttidy indicate that identifying influential users from asation learning
and validating these identified users with the results ofierfce measures is an effective method for detecting theeimfliof users on
online social networks.

Keywords: Association rule learning, hashtags, influential users

1 Introduction December 2015 and March 2016. Users created many

hashtags where they tweeted and retweeted about
One of the fastest ways for sharing and propagatingdifferent subjects related to the above hashtag. Some of
information nowadays is the Online Social Networks these initiated hashtags remained in use in users postings
(OSNs). Users on such platforms share opinions, feelingsgver the whole period of time, while others faded by time.
moods, life experiences, and even needs. Topologicallyit is interesting to study why different hashtags have
the social network graph consists of distributed nodesdifferent lifetimes and whether users influence others
connected by edges to form relationships. Thesehrough using a hashtag or is it the subject of the hashtag
relationships are either directed or undirected dependingvhich influences users to tweet using the hashtag. In
on the social network graph. For instance, the famousOSNs, the users are the most important factors, and
Twitter [1] is considered to be a directed graph since theidentifying or predicting the influential users among
relationship between two users does not need acceptanggilions of them can be very helpful in predicting the
from both sides. However, a user might follow another future of these networks. In this paper, a study is done on
user who in turn, does not have to follow the first usera dataset of some trendy hashtags to identify influential
back knowing that on Twitter, only 22% of relationships users associated with the hashtags. The study has been
are reciprocalg]. Users on Twitter initiate hashtags while conducted from two different perspectives: Social
writing a certain post. Hashtags are a group of charactersletwork Analysis (SNA) perspective and Data Mining
preceded by # symbol. According to hashtags, tweets ar¢DM) perspective, specifically Association Rule Learning
categorized based on subjects like political, artistic,(ARL). For evaluation purposes, comparison between the
athletic or even entertaining. For exampl®a#isAttacks  results of both perspectives is done. In the SNA
was one of the trendiest hashtags in the period between
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perspective, we adopt, from the literature, two composition, activities within the group and structural
Topological Measures (TM), specifically, the aspects of a group for each dataset. They used six
Betweenness Centrality (BC) and Closeness Centralitydifferent classification methods (ZeroR baseline, Nave
(CC) in addition to three Activity Measures (AM), Bayes, Decision Stump, J48 decision tree, Bagging and
namely, General Activity (GA), Topical Signal (TS) and RandomForest) the highest percentage of accuracy,
Signal Strength (SS). In addition, we introduce a new84.78%, was obtained when (RandomForest) was applied
topological measure, namely Jaccard Weightedto the WOW dataset. For the DBLP dataset, the
In-degrees(JWI) as a better topological measure indicatopercentage of accuracy reached 90.55% achieved by
The three TM along with the three AM were used to (Bagging) classifier. The results of this study showed that
study the indirect influence of users' topology and activityit is possible to predict group stability with high accuracy
level on identifying influential users in the hashtags underusing a range of features.
study. In order to set a standard to compare with forin [5], experimental studies were done on four social
identifying the users' influence based on thenetworks for predicting group evolution. The GED
previously-described measures, we introduce two novemethod (Group Evolution Discovery) was used froéh [
direct influence measures, namely Count of Postingto discover group evolution in the social network. The
Followers (CPF) and Users Being Retweeted (UBR).inclusion measure is the most important measure in GED
From the data mining perspective, ARL data mining hasmethod which allows the inclusion of one group in
been adopted to identify influential users and predict useanother. GED method provides a balance between both
participation in the hashtags under study. For evaluatiorthe quantity and quality of group members. The key
purposes, a comparative study is then conducted betweemembers were determined using different centrality
the results from both perspectives where conclusions areneasures such as centrality degree, betweenness degree,
drawn. page rank and social position. The dataset was collected
from four social networks: Wroclaw University of
Technology email communication, salon24, which is a
2 Related Work portal that contains political discussions, the Enron é&-ma
network and the portal extradom.pl, which gathers people
Browsing social media is one of the routines done byinterested in building their own houses in Poland.
users more than once on a daily basis since thes&xperiments were performed using a data mining
networks have evolved to become the main source ofoftware called WEKA where ten different classifiers
information for a large part of our society. The interest of were utilized for each social network. These classifiers
many people in OSNs pushed researchers to discover arate: BayesNet, NaiveBayes, IBk, KStar, AdaBoost,
investigate social networks from all perspectives such aPecisionTable, JRip, ZeroR, J48 and RandomForest. The
evolution, dynamicity, prediction of users participation results of this study show that the classifier that uses an
detection of influential nodes and measuring userinput of several preceding groups sizes and events,
influence. produces very promising results. The experimental
A study done in 2] examined the first comprehensive analyses on the four datasets collected for this study
study about Twitter social network. After 7 years, anotherrevealed that the two classifiers, DecisionTrees and
study [3] re-examined Twitter social network. The results RandomForest, provided the most accurate results.
of the re-examination revealed that Twitter social networkAdditionally, the GED method used for change
has gained popularity and its usability increased more byidentification can be successfully used as a good
10-fold. Moreover, reciprocal relationships between siser indicator.
also increased, however, 12.5% of users in the year 200®entifying the most influential users in an online social
have left Twitter. It was also noticed that the network network has been recently a very interesting field of study
connectivity between users has decreased. Furthermor@ Social Network Analysis (SNA). For example, ][
popularity of some users also changed where non-populahe focus was on comment mining, i6] [concentration
users became popular and influential. The re-examinatiomvas on predicting information cascade. In addition, there
of Twitter social network proved that the dynamics of has been a very deep concentration on studying centrality
Twitter is very high and the relationships between measures as an important indicator for measuring the
different users is constantly changing leading to a changelegree of influence of a user in a social netwo®k [
to the whole network. Centrality measures assist in identifying the important
In [4], the authors studied the stability of groups by users in a social network from a topological perspective.
determining their dynamicity over time focusing on the Some of the centrality measures used in the literature are:
diversity of members and their social activities. The Closeness CentralitylD], Betweenness Centralityl{],
dataset was downloaded from both World of Warcraft Eigenvector Centrality 12] and more. Other types of
(WOW) which is an online game and DBLP which is a measures concentrate on the degree of activity of users as
database-containing information on many journals andan indicator of their influence on such social networks.
conferences related to the computer science field. Th&he activity of the users can affect their connectedness,
authors extracted a set of features that describe groumfluence and popularityl{3).
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In [14], a large amount of data was gathered from Twitter
to analyze users' influence. The authors compared thre
different measures of influence: indegree, retweets, ani
mentions. They also focused on different topics, where
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they examined how the three different influence measure:

performed in spreadir_1g popular_ news topic.s. They alsc Hashtags -‘ Data

inspected the dynamics of an individual's influence by Selection Callection

topic and over time. Furthermore, they characterized

specific behaviors that make ordinary individuals gain

high influence over a short period of time. The findings Data

revealed from this study have direct effects not only on Feprasentation

the design of social media, but also on viral marketing. Fallawes:
The choice of analyzing the abovementioned three divers: i
influence measures provided better understanding of th Phase I (Data Model)

different roles users play in social media. Indegree

represents popularity of a user; retweets represents th :

content value of one's tweets; and mentions represents tf %ﬁjﬂﬁw

name value of a user. A variety of influence across topics :

is revealed, where this variety could be very effective in l S

the advertisement in Twitter if one is to employ influential Rﬂ'ecti:ﬁuence v T: TP
users. The analysis showed that most influential user: s P e

hold significant influence over a variety of topics.

Moreover, ordinary users were found to gain influence by
focusing on a single topic and posting creative and
insightful tweets that are perceived as valuable by others
as opposed to simply communicating with others.

In [15] the authors worked on detecting influential users
based on performed actions (e.g. comments or likes) ol
posts in Facebook pages. ARL was used in order tc
predict how users are getting connected with each othe
based on posts, comments and likes on groups ol
Facebook. The prediction is done based on the activenes
of users within posts with similar topics. 2,443 active

users interacting on 610 posts with a total of 14,117
comments were extracted. Almost 5,000 association rule:
were generated with high confidence of correctness 95%
These rules were proven to be dependent on the activ

v

users, via the lift metric. This proves that identifying

influential users using ARL can be done. ot i Coomee || Smme
Actriaty Topological Actriaty Topologreal
Meazures Meazores Meazores Meazures
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3 Approach
Phase III (Influence Measures Results)
In this study, the problem of identifying influential users
is addressed from two different perspectives: SNA
perspective and DM perspective. In the SNA perspective,
and as illustrated in figurg, the hashtags for analysis are
selected then data of the users posting on the selected
hashtags is collected. Following that, ordered
(descending) lists of users are created based on the two
direct influence measures and the six indirect influence
measures. The eight-ordered lists are then used to identiffiles for the FP-Growth algorithm contained on the left
the top ranked users from the six indirect influencehand side tweeters who influence the retweeters on the
measures and compared to the ones identified from theight hand side. After the preprocessing phase, the
two direct influence measures. FP-Growth algorithm is applied and rules are built. These
rules are post-processed to remove duplicate rules.
In the DM perspective, and as depicted in figdreARL Finally, a set of influential users are identified from the
is conducted by first preprocessing of data so that inpubuilt rules for the three hashtags under study. A

Fig. 1: Diagram of SNA Perspective
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comparative study is then conducted to see whether the Table 1: The %of the 10 correlated #s to #ParisAttacks

influential users identified using the association rules #ParisAttacks
match the top ranked users in the SNA perspective. Hashtags Correlation
#Paris 7.5%
#PrayForParis | 5.2%
#recherchePari$ 3.5%
#Bataclan 3.1%
Preprocessing of Diata #ISIS 2.9%
#Prayers4Paris| 1.9%
l #France 1.7%
#fusillade 1.7%
Running FP-Growth aleorithm #PariSShooting 1.3%
l #lran 1.3%
Post-processing of the Association Fulss
text of the retweet and the count of followers of the

l tweeters or retweeters. Another crawler is implemented to

Identifying influential Users from Post- collect the list of followers of the posting users. The data

proceszed rules collected from the trendiest hashtag and its correlated

3 hashtags consist of 2426 tweets and 2828 retweets
po l " posted by 28613 unique users as shown in TaBle}, 919
At 3 Influsntial Usss 2 Tnflnentiz] Tasss out of 28 613 (172%) of users tweeting or retweeting on
Users from &Pariz fom #Bataclan ‘ from #Paris Attacks these hashtags has private profiles. This is why they are

removed from the dataset in the preprocessing phase. The
_ ) ) corpus selected for the analytical study is based on three
Fig. 2: Diagram of DM Perspective hashtags which are #ParisAttacks, #Paris, and #Bataclan.
The first hashtag, #ParisAttacks, is chosen because it is
the root hashtag and it is directly related to the terrorist
attacks that occurred in Paris in November 2015. The
second hashtag, #Paris, is chosen for analysis because,
according to Tablel, it has the highest percentage of

. . . . orrelation with the trendiest hashtag #ParisAttacks and
The dataset used in this analytical study constitutes of,o highest number of posting users as shown in Table
hashtags selected from the list of the trendiest hashtags iﬂlthough #PrayForParis and #rechercheParis have
Twitter according to hashtagify.me websité®]. The highest percentage of correlation with #ParisAttacksrafte
information was collected during the penpd bet"_"ee”#Paris as shown in Tablg the total number of posting
December 2015 and March 2016. This website provides g se in these two hashtags is less than that of #Bataclan,
list of the trendiest hashtags. In addition, It also offéxs U asillustrated in Tabl@. This is why we chose #Bataclan
hashtags correlated to each hashtag in the trendiegh pe the third hashtag for analysis, taking into account

hashtags list. The correlated hashtags concurrently occyp 4 gatacian is the name of the theatre where the terrorist
with the associated hashtag in the same post. In the list o ttack occurred.

the trendiest hashtags in the abovementioned duration,
#ParisAttacks existed. The ten correlated hashtags for thi
trendy hashtag as well as their percentage of correlation
are listed in Tabld.
The activity on the hashtag #ParisAttacks and its4 2 Data Representation
correlated hashtags is recorded during the aforementioned
period. Recording has started after the number of posting
users (tweeters and retweeters) stabilized.

4 Data Model

The dataset collected is modeled as a directed graph. The

nodes represent distinct posting users and the links
4.1 Data Collection represent the relationships between the users. The link

between two nodes constitutes of a source node, a target
The data in the selected hashtags are gathered using tm®de, and a weight of the link between the source and
crawler designed inl[7]. This crawler collects tweets and target nodes. A link is established between user A and
retweets on a certain hashtag and their metadata. Theser B if user A is found in the list of followers of user B.
information collected includes the text of the tweet, the The weight of the link between nodes A and B is the
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Table 2: Tweets and Retweets in #ParisAttacks user A who are posting on the same hashtag as
#ParisAttacks represented in Equatidh
Hashtags Tweets | Retweets
#ParisAttacks 1210 2330 CPE = z Xi 2)
#Paris 5679 6973 icFTA)
#PrayForParis | 1504 711 here:
#rechercheParis 1 19 where.
#Bataclan 1024 2513 —F(A) is the set of followers of User A
#ISIS 3324 6730 —X; = 0 if user i, a follower of user A, does not post
#Prayers4Paris 5 50 —X; = 1 if user i, a follower of user A, posted
#France 3849 2322 UBRrepresents the sum of the retweets done on the tweets
#usillade 9 530 of user A as represented in Equati@n
#ParisShooting 25 16 P q
# 7326 5734
ran UBR= Y RT(t) ©)
teT(A)
where:
Jaccard’s similarity coefficienflf] displayed in Equation —T(A) is the set of tweets by user A
1 —RT(t) is the number of retweets of a tweet t

The idea behind the CPF is that a user whose

_|followergA) N followergB)| followers are posting more on his same hashtag is

J(AB) = |followergA) U followersB)| (1) expected to have had a direct influence on those users to
post using that particular hashtag. The idea behind UBR

where: is that a user whose posts are retweeted the most is
) . expected to have had a direct influence on increasing the
—followers(x) is the list of followers of user x number of users posting using hashtags which the user

—The numerator of Equation (1) is the number of had used in his original tweets.

followers of both users A and B
—The denominator of Equation (1) is the number of

followers in the union of the followers of both users A g 2 Activity Measures

and B
On Twitter, a user is active when he/she participates in
real tweets and retweets. The General Activity (GA)
measure of a user2l]] is calculated by summing the
number of tweets and retweets of a certain user A on a
certain hashtag on Twitter and as illustrated in Equadion

Gephi [19], a software for graph analysis, was used to
conduct the calculations of the centrality measures.

5 Influence Measures

GeneralActivityA) =T + RT 4
Two direct influence measures are used in this study to
complement the classical activity measures and the
topological measures (indirect influence measures). —T represents the count of all tweets of user A
Moreover, a topological measure is also used in addition —RT represents the count of all retweets of user A
to the centrality measures available in the state of artin  Tgpjcal Signal (TS)27] is the second activity measure
order to dete_rmine a user's level of social connectednesgsed. TS is the ratio of the general activity of user A and
to users posting on the same hashtags. the total number of tweets posted on a certain hashtag as

shown in Equatiors.

where:

5.1 Direct Influence Measures TSA) = (T + RT)|specifichashtags )
TotalNumberof Tweets

Most of the applications and tools in the state of art  The third activity measure used is Signal Strength
compute the wuser influence from the count of (SS) 22], which identifies the strength of the TS. SS is
followers/friends, tweets, retweets, mentions and replie the division of the tweets of user A by the total number of
In this paper, the two new direct influence measureshis tweets and retweets on a certain hashtag on Twitter as
introduced in Q] are also used. Namely, the CPF and presented in Equatiof

UBR. The two new measures are expected to help study

the direct influence of users on the dynamicity of hashtags SSA) = T (6)

on Twitter. CPF represents the count of total followers of T+RT
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5.3 Topological Measures 6.1 Evaluation Metrics

Two classical topological measures, namely theseveral evaluation metrics exist for association rule
Betweenness Centrality (BC) and Closeness Centralityearning. The first metric, support, is an indication of how
(CC) measures are used in this study. These two measur@gsquently a set of users appear in the list of posts D in a
are used to Study how the Centrality of users on Certairbertain hashtag_ As represented in Equa‘[ﬂ)mupport
hashtags can affect the evolution of these hashtags. measure is the ratio of the occurrences of a set of users on
a certain hashtag by the total number of posts in a certain

5.3.1 Betweenness and Closeness Centrality Measures hashtag.

BC is the first centrality measure adopted in this study. suppor({A,B}) = {AB) (8)

BC is a centrality measure in graph theory based on the DI

shortest paths. In a connected weighted graph, for every The confidence displayed in Equati®designates the

pair of nodes, there exists at least one shortest patBet of posts where users A and B are participating and

between the nodes such that the sum of the weights of thg/here user C also participates. For example, three users

edges is minimized. The BC for each node is the numbepr, B and C are concurrently posting on four common

of these shortest paths that pass through the node. Thsosts, whereas user A and B are concurrently posting

reason for choosing this centrality measure is that theeight posts. This yields a confidence of 4/8 = 0.5. This

node with higher BC would have more control over the means that there is a 50% confidence that user C

network, because more information passes throughit.  participates in the same posts where users A and B are
The second centrality measure adopted from theposting.

literature is the Closeness Centrality (CC). CC is a degree

measure to which a node is near all other nodes in a

network. This centrality measure is based on the length of confidencé{A, B} — C) suppor({A B,C}) )

the shortest paths from a node to all other nodes in the ’ suppor{{A,B})

network. It measures the visibility or accessibility of bac o ) ) . o
node with respect to the entire network. Lift is the third evaluation metric of association rules

used in this study. This measure displays the ratio of

interdependence of values displayed in equatidh
5.3.2 Jaccard Weighted In-degrees When the value of lift reaches 1, this means that the users

in the existing rules are independent. As the value of lift

Unlike centrality measures, Jaccard Weighted In-degreegyceeds 1, this means that the users are dependent of each
(JWI) measures the social connectedness of the usefsihers.

posting on a social network graph more than measuring
the effect of the user in a network graph. This means that,
JWI measures the density of the relationships between
users more than measuring the effect of a certain user on

suppor{{A,B,C})

Tt ({AB} = C) = G opor({A B} x suppor(iC])

other users in a network. As displayed in Equafioand (10)
in order to calculate JWI measure, we add the Jaccard’s The abovementioned measures constitute the metrics
similarity weights of all the edges directed to user A. of ARL. As noticed from the equations of these metrics,
N the higher the values, the higher the relevance for
i=

where wi is the weight of link i ending on node A. o .
J J 6.2 Building the Association Rules

6 Association Rule Learning In order to build the association rules from the dataset,
several association rule learning algorithms were
The method of matching items in different transactions isevaluated. The Apriori Algorithm (AA)Z5] proved to be
called ARL. This method aims to find out how items an effective algorithm for ARL. However, running this
affect each other by analyzing how frequently itemsalgorithm on the available dataset showed serious
appear together in a specific datad][ This is done by  scalability and memory exhaustive issues. The
considering two criteria, namely, support and confidence FP-Growth, an improvement on the AA, was designed to
The support of the association rule indicates theeliminate some of AA disadvantages such as memory
frequency of items in a specific dataset, while theusage and runtime2fp]. FP-Growth works by first
confidence of the association rule indicates how reliablecounting all the users who tweeted in a certain hashtag.
the rule is. The higher the value of confidence, the moreAfter setting the appropriate threshold for the three
likely the items occur in a specific datas2d]. metrics, support, confidence and lift, a sorted list of users
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who tweeted is created. The list is sorted according to thefBataclan. This indicates that the TM of a user may not
count of occurrence of each user. Then, a tree based obe a good measure of the users influence on his/her
the sorted list is created and association rules are creatddllowers as it depends on the actual hashtag.

for every branch of the tree based on the predefined

threshold values. In order to identify the threshold values

for the dataset under consideration, different threshold

values of the three metrics mentioned above are tested Table 4: CPF and TM similarity

until association rules are successfully created. The CPF

representation of a built rule itself is divided into two Intersection Results

parts, left hand side and right hand side. For example the #F:Jans #Pa”iAtta‘:ks #Bagaclan
rule {ul,u2}— {u3, u4 indicates that the left-hand-side | Topological 25%0 25%0 25%0n

(1943 Users)| (497 Users) | (532 Users)
No. % No. % No. %

Betweennesg 1052 | 54 298 60 118 | 22
Closeness | 927 48 263 53 122 | 23

users ul and u2 influence the right-hand-side users u3 and Measures
u4, i.e., when the left-hand-side users are both active on
post, the right-hand-side users will consequently b
active.

JwI 1255 | 65 320 64 145 27
7 Influence Measures: Experiments & Table5 presents the intersection results of UBR with
Results the level of the three AM. Results of intersection with GA

and TS are between 74% and 96% in #Paris and

After calculating the direct and indirect influence #ParisAttacks, while SS intersection with UBR reach
measures described in sectiénfor the three hashtags 52%. Whereas, in #Bataclan, the intersection results of
under study, ordered (descending) user lists are createdBR with GA and TS are 58%, while in SS results reach
for each measure. The comparison between the differer7%. This indicates that in #Paris and #ParisAttacks, the
ranked measures is conducted based on the following: GA of a user has more influence on the user being
retweeted than the influence of the user' original tweets.
However, in #Bataclan, the posted tweets of a user is
more influential. This indicates that users in #Bataclan are
being retweeted more due to the content of their posts on
#Bataclan. However, in #Paris and #ParisAttacks, as the

For the three selected hashtags under study, th&isers add more posts on these hashtags, they are
intersection results of CPF with the level of the three AM, retweeted more.
namely GA, TS and SS are presented in TaBleThe
results do not exceed 34% in #ParisAttacks and 27% in
#Paris and #Bataclan. This can be explained by the
observation that the activity of a certain user A posting on
a hashtag does not necessarily influence his followers to
post on the same hashtag but rather for other reasons lik

—Comparing top ranked users from both CPF and AM.
—Comparing top ranked users from both CPF and TM.
—Comparing top ranked users from both UBR and AM.
—Comparing top ranked users from both UBR and TM.

Table 5: UBR and AM similarity
UBR
Intersection Results
#Paris #ParisAttacks| #Bataclan

being interested in an event. Activiy 5061 55051 55061
Measures (1943 Users)| (497 Users) | (532 Users)
No. % No. % No. %
Table 3: CPF and AM similarity GA 1439 | 74 | 408 82 310 | 58
CPE TS 1439 | 74 | 478 96 310 | 58
Intersection Results SS 778 40 | 256 52 514 | 97
#Paris #ParisAttacks| #Bataclan
Activity 25%nN 25%nN 25%nN bl h | ) ) b
Measures| (1943 Users)| (497 Users) | (532 Users) In table 6, the results of intersection between UBR
No. % No. % No. | % and the three TM are displayed. The results do not exceed
GA 525 | 27 170 34 141 | 27 43% in #Paris and #ParisAttacks while the JWI reached
TS 525| 27 |[170] 34 141 27 68% in #Bataclan. This indicates that the users who are
SS 298 | 15 | 142 29 142 | 27 retweeted more, are the more socially connected users in

#Bataclan, but this is not the case in #Paris and
#ParisAttacks. This indicates that in familiar hashtags,
Table 4 presents the results of intersection betweenusers do not have to be connected in order to be
CPF and the three TM, namely BC, CC and JWI. Theretweeted, however in non-familiar hashtags like
results of intersection are between 48% and 65% in #ParigBataclan, users have to be connected in order to know
and #ParisAttacks, while it do not exceed 27% in thattheir connections are posting on such hashtags. Since
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most of the intersection results linearly increase with the Table 7: Statistics of computed association rules
percentage of top users, outliers exist. The reason for this #ParisAttacks
is that many users have had the same rank in the top 50% Evaluation Metric) Mean | Median | Std.
and 75%. This is why our focus was on the top 25% in Support 6.85 4 8.53
this analytical comparison. Confidence 0.76 093 | 0.27
Lift 122.68| 101.9 | 96.70
#Paris
Evaluation Metric| Mean | Median | Std.
Table 6: UBR and TM Similarity Support 6.99 7 0.051
UBR Confidence 0.99 1 0.02
Intersection Results Lift 208.01| 208.29 | 5.68
#Paris #ParisAttacks| #Bataclan #Bataclan
Topological 25%nN 25%nN 25%nN Evaluation Metric| Mean | Median | Std.
Measures (1943 Users)| (497 Users) | (532 Users) Support 3.08 3 0.29
No. | % | No. % No. | % Confidence 0.71 075 | 0.22
Betweennesy 586 30 169 34 167 | 31 Lift 80.76 | 82.83 36.07
Closeness | 548 28 165 33 149 | 28
JWI 845 43 172 35 361 | 68

detected from the ARL are ranked based on the ordered
lists prepared. A user in the top 1% of the measure
receives a measure score of 1. This means that the user is

8 Association Rules: Experiments & Results  more influential than 99% of the users according to this
measure. Table8 to 10 present the results of ranking

Using the FP-Growth algorithm described in sect®g users in the three hashtags under study.

and after post-processing, different numbers of

association rules are obtained depending on the hashtag.

In #Bataclan, there are 376 distinct posting users and 13 1 Discussion

rules are created. In #ParisAttacks, there are 661 distinct

posting users and 46 rules are created. In #Paris there afghe satistical results presented in TaBleeveal that, in
1134 distinct posting users and 4107 rules are created. parisattacks, the eight influential users identified from
is noticed that the number of created rules for #Paris isn\R| when ranked in the ordered list of CPF, have a
the highest. This is because #Paris has the highest ”Umb%nking mean of 45%, a median of 33% and a standard
of distinct posting users. In addition, those users posiyeyiation of 355%. This indicates that these influential
generally about everything related to Paris and their post$,cars do not influence their followers to post on
are not restricted to the terrorist attacks which occumed i 4parisattacks. In ranking the influential users in the
Bataclan Theater. . . . ordered list of UBR, the ranking mean is5%, the
Table7 shows descriptive statistics of all the remaining edian is 15% and the standard deviation recor@%.
rules after the preprocessing phase of the three hashtagsyis clearly indicates that the influential users identified
under study. In the three hashtags under study, the mean @fy;, ARL ™ are among the top ranked users being
the confidence of the rules created is relatively high and thgopweeted. Moreover, the results of GA record values of
standard deviation is low. Moreover, the mean lift vaIueszil%, 1% and 18%. TS and SS results record, 1%
in the three hashtags indicate a strong dependency of thg,q 101% for ranked mean, median and standard
users within a rule due to lift high values. From all the geyiation respectively. These results indicate that the
learned rules in each hashtag under study, it is noticed thahfiyential users identified from ARL are obviously active
8 mflyentlal users are identified for #ParisAttacks, 11 for 5, #parisAttacks. Regarding the results of the TM, the
#Paris and 9 for #Bataclan. results of BC record values of 4%, 30% and 3%%,
CC results record 4B%, 435% and 338% and JWI
results record 4@%, 33% and 281% for ranked mean,
9 Discussion and Findings median and standard deviation respectively. These results
indicate that the influential users identified from ARL are
The goal of this analytical study is to see how influential not among the central users in #ParisAttacks, however,
users identified from the ARL match the top userstheir social connectedness represented by JWI indicat
identified from the influence measures described inbetter results than other centrality measures.
section5. Therefore, sorted lists for each measure from
the direct influence measures (CPF and UBR) and the Concerning the statistical results of #Paris presented
indirect influence measures (GA, TS, SS, BC, CC andin Table 9, the eleven influential users identified from
JWI) are prepared. Subsequently, the influential usersARL when ranked in the ordered list of CPF show that the
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Table 8: Descriptive statistics of rating influential users from The statistical results presented in Tab@show that

ARL with influence measures in #ParisAttacks in Bataclan, the nine influential users identified from ARL
. #ParisAttacks when ranked in the ordered list of CPF, record a ranking

Influential users from ARL |\ | viogian | std. mean of 49%, a median of 46% and a standard

with Influence Measures deviation of 342%. This indicates that these influential

Users from ARL with CPF| 45.6 33 355 users do not influence their followers to post on
Users from ARL with UBR| 2.5 15 19 #Bataclan. Furthermore, ranking of the influential users in

Users from ARL with GA | 2.1 i 18 the ordered list of UBR, the ranking mean is3%, the
Usersfrom ARLwith TS | 6.8 L 10.1 median is 1% and the standard deviation record a value of
Users from ARL with SS | 6.8 1 10.1

3.9%. This clearly indicates that the influential users
identified from ARL are among the top ranked users
being retweeted in #Bataclan. Regarding the statistical
results of the AM, the results of GA and TS record values
of 2%, 1% and 5%, SS results record 1286, 23% and
9.9% for ranked mean, median and standard deviation
respectively. These results indicate that the influential
users identified from ARL are remarkably active on
#Bataclan, moreover, they are among the users posting
original tweets as indicated in SS results. Regarding the
results of the TM, the results of BC record values of
S38.2%, 27% and 361%, CC results record 38%, 31%
and 303% and JWI results record 26, 55% and

Users from ARL with BC | 43.1 29.5 38.5
Users from ARL with CC | 45.8 435 35.8
Users from ARL with JWI | 40.2 33 26.4

ranking mean record a value of 436, the median 36%
and the standard deviation is.2%. This indicates that
these influential users do not influence their followers to
post on #Paris. The ranking mean of the influential user
in the ordered list of UBR is 18%, the median is 1% and

:Eg frf?llﬂgr?trigldjs\/é?;mijgeﬁﬁ‘?erg f?glom Lhésl_ .235?52?6&6 37.2% for ranked mean, median and standard deviation
9 respectively. These results indicate that the influential

top ranked users being retweeted especially due to the ; -~
value of the median which record 1. Concerning the USers identified from ARL are not among the central and

statistical results of the activity measures, the resuits othe socially connected users in #Bataclan. Among the

GA and TS record values of %, 1% and 39%,
whereas SS results record.B%, 29% and 30% for
ranked mean, median and standard deviation respectivelyable 10: Descriptive statistics of rating influential users from
These results indicate that the influential users identifiecd®RL with influence measures in #Bataclan
from ARL are obviously active on #Paris. However, the #Bataclan

results of the SS measure indicate that these influential | Influentialusers from ARL| . | \\oiio0 | sig
users are retweeting other than posting original tweets. | With Influence Measures '
Regarding the results of the TM, BC record values of | Users from ARL with CPF| 49.8 46 34.2

437%, 43% and 3B%, CC record 4B%, 48% and Users from ARL with UBR| 3.3 T [39
34.8% and JWI results record 6®%, 71% and 2B% for Users from ARLwithGA | 2 L 15
ranked mean, median and standard deviation respectively. | Users from ARLwith TS | 2 1 15

These results indicate that the influential users identified | YUsers from ARL with SS | 17.2 23 9.9

from ARL are not among the central and the socially | UsersfromARLwithBC | 382 | 27 | 36.4
connected users in #Patris. Users from ARL with CC 38.7 31 30.3

Users from ARL with JWI | 52.6 55 37.2

distribution of mean values represented in Figu8es 5,
we can clearly notice that in #ParisAttacks and #Bataclan,
Table 9: Descriptive statistics of rating influential users from the mean values of UBR and the AM are between 2% and

ARL with influence measures in #Paris 17.2%. This indicates that the influential users in #Paris
#Paris Attacks which are identified as influential using ARL are

Influential users from ARL| | viedian | std. among the top active users and are among the top users
with Influence Measures being retweeted. Concerning #Paris, the UBR, GA and
Users from ARL with CPF| 43.7 36 | 293 TS record approximately similar values and these values
Users from ARL with UBR| 19.4 1 39.9 are within the top 25% which means that the identified
Users from ARL with GA | 19.2 1 1399 influential users are active on #Paris, but the value of SS
Users from ARL with TS | 19.2 1 39.9 measure is relatively high compared to GA and SS and
Users from ARLwith SS | 345 | 29 | 30.1 exceed the top ranked 25%. This designates that these
Users from ARLWithBC | 43.7 | 43 | 326 influential users are not posting original tweets however,
Users from ARL with CC | 42.6 48 34.8 they are retweeting instead.
Users from ARL with JWI | 69.5 71 22.8
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hashtag. Compared to the other two centrality measures,
JWI results are valid. This means that the level of user
social connectedness is a better indicator of the influence
of the user than the other centrality measures.
Furthermore, the name of the hashtag affects the level of
the TM as noticed in Tabld. More familiar names of
hashtags, such as #Paris arfléafisAttacks has higher
levels of similarity between the top rankings of CPF and
TM. Also, the results reveal that in general hashtags, such
as #Paris and #ParisAttacks, the wuser social
connectedness, measured by JWI, is more influential on
user's followers. While in focused hashtags, such as
#Bataclan, JWI is not considered a good indicator as
indicated in the results presented in Talland Tableb,
because as the social connectedness of users increases,
the users are being retweeted more but are not influencing
their followers to post on the same hashtags. Furthermore,
the intersection results of SS and UBR for the different
hashtags under study reveal that users who are tweeting in
#Bataclan are being retweeted more than the users in
#Paris and #ParisAttacks. This indicates that in focused
hashtags, the content of the tweet itself influences the
retweeting rate more than the level of users activity does.
Concerning results of the DM perspective, also interesting
findings are revealed which reinforce the findings from
the SNA perspective. From the ARL results, it is noticed
that the users in each of the three hashtags tend to follow
each other due to the high values of lift measure.
Moreover, the identified influential users are not
influencing their followers to post on same hashtags. In
addition, the identified influential users are not socially
connected neither central however they are active in all
the hashtags under study. Also, in #ParisAttacks and
#Bataclan, the identified influential users are not posting
original tweets, however, they are retweeting.

Comparing the results of the two perspectives, it is
noticed that there is an agreement between the findings
from both perspectives. For example, the identified
influential users from ARL method are noticeably active
in the three hashtags under study, however, their followers
aren't influenced by them to post on the same hashtags.
Moreover, in #ParisAttacks and #Bataclan, all the
identified influential users are clearly active, among the
users being retweeted and posting original tweets.
Whereas in #Paris, although identified influential users
are also active and among the users being retweeted, but
these users are not posting original tweets, they are
retweeting instead.

10 Conclusion and Future Work

An analytical study has been conducted on a dataset

The findings from the social network analysis perspectivecollected from Twitter. The dataset consist of one of the
reveal that the activity levels of users do not automatjcall top trendy hashtags between December 2015 and March
influence the followers of these users to post on the sam@016. The aim of this study is to identify influential users
hashtags. As to TM, the JWI measure is a good indicatoactive on a specific hashtag. Two different perspectives
for user influence on other users posting on the sameare followed in order to identify influential users. In the
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first perspective, the SNA perspective, the influence complex network analysis, Journal of Network, Vol. 3, No.
measures are identified and their values are calculated. In 1, pp. 1543-1550 (2013).

the second perspective, the DM perspective, the ARLI12]A. Langville and C. Meyer, Deeper Inside PageRank,
technique is adopted in order to predict influential users. Journal of Internet Mathematics, Vol. 3, No. 1, pp. 335-380
The findings from the two perspectives are interesting__(2003). _ _
revealing the importance of identifying influential users [13] Y-R. Lin, D. Margolin, B. Keegan and D. Lazer, Voices
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be very interesting to increase the size of the data set. mtglrg?t'onal conference on World Wide Web, pp. 737-748

Another interesting research area is to perform similarp; 4\ cha, H. Haddadi, F. Benevenuto and K. P. Gummadi,

analysis on other hashtags of different type. Moreover, ‘\easuring User Influence in Twitter: The Million Follower

different categories of hashtags could be taken into pajlacy, Proceedings of the 4th International AAAI

consideration in order to test if determining influential  conference on Weblogs and Social Media, \Vol. 10, pp.

users from different categories would yield different  10-17 (2010).
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