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ABSTRACT

The continuous proliferation of social media platforms and the exponential increase in users’
engagement are impacting social behavior and leading to various challenges, including the detection
and identification of key influencers. In fact the opinions of these influencers are at the core of
decision-making strategies, and are leading trends on the virtual social media landscape. Moreover,
influencers might play a crucial role when it comes to misinformation and conspiracy during
sensitive, controversial and trending events. However, due to the dynamic and unrestricted nature of
social media, and diversity of targeted topics and audiences, identifying and ranking key influencers
that are impactful, credible, and knowledgeable about their specialist topic or event remains an
evolving and open research paradigm. In this paper, we address the aforementioned problem by
proposing a novel influence rating and ranking scheme to identify key and highly influential users for
a certain event over Twitter using a mixed theme/event based approach while considering historical
data and profile reputation. We further apply our approach to a global pandemic case study, the novel
Coronavirus, and conduct performance analysis. The presented experimental results and theoretical
analysis explore the relevance of our proposed scheme for identifying and ranking reputable and

theme/event related influencers.
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1. Introduction

Social media platforms have been one of the most prominent ways for connecting people, offering a
medium for sharing publicly individual experiences and stories with an estimated 3.4 billion people in
2019 using social media worldwide said STATISTA.' Furthermore, these platforms have the potential
to enhance people’s quality of life by offering easy accessibility to information and providing social
support. Users from different backgrounds can discuss trending topics, share thoughts and initiatives
thus creating communities of shared experiences. Therefore, they are no longer a medium for basic
social interaction; rather they have evolved into hubs for sharing news, advertising campaigns,
promoting entertainment and media events, and exchanging health and lifestyle tips. They also offer
different features that can be tailored for different purposes. Accordingly, research firms and
organizations develop different strategies for the various platforms to understand user interaction and
to assess the reliability of information being disseminated. Such a process is complicated by the fact
that data generated by users over social media platforms evolves in real time and is noisy,

unstructured and redundant.

Moreover, news creation and consumption have been adapting and evolving since the advent of social
media. Most platforms are typically used to transmit relevant news, guidelines and precautions to
people. However, according to the World Health Organisation (WHO), in the context of epidemics,
uncontrolled conspiracy theories and propaganda are spread faster than the pandemic events
themselves, thus creating an infodemic and causing panic and disseminating misleading medical
advice and economic disruption said the Director-General of WHO.? Consequently, determining
which news sources can be trusted is essential to validate information. While medical and research
centers can provide major insights into the flow of infectious diseases, the opinions and discussions of
social media users and especially influencers during pandemics are worth observing as they provide
valuable insight into the psychological and sociological impact on followers. Influencers over social
platforms are known to explore users’ opinions from predicting election results to offering advice on
medical practices. The impact of influencers in times of crisis is a hotly debated topic. Identifying and
predicting influencers on social networks have many applications including viral marketing [1],
searching [2], and expert recommendation [3]. The ability of influencers to spread information has
been well studied on Twitter [4,5] where influence was used for different goals such as human
mobility [6], rumor spreading [7] and epidemiology [8] among others. However, capturing public

unfiltered opinions in the digital ocean of social media data presents a key challenge through which

1 https://www.statista.com/statistics/278414/number-of-worldwide-social-network-users/.
2 https://www.who.int/director-general/speeches/detail/who-director-general-s-opening-remarks-at-the-media-briefing-on-
covid-19---11-march-2020.
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fine-grained filtering and proper extraction should be made to detect relevant, reputable and

theme/event related influencers [9-11].

Identifying and ranking influencers on Twitter is becoming an appealing and challenging problem
[12], which we address in this paper. The quantitative assessment of influencer behavior is considered
a key challenge whereby different solutions and approaches are being proposed. For instance,
predicting influencers in micro-blogging critical events requires measurements that accurately capture
this influence and does not tolerate errors. In fact, the definition of influence varies from one context
to another. The influence of a user can be defined as the user’s capacity to influence others with their
opinion, while it can also be defined as the ability of a user to spread a certain message to others with
whom they typically interact [13]. While detecting influencers in a social network can be approached
at a global or a general level [14], we focus in this paper on providing a solution that identifies
influencers in particular events [15,16]. We define an event as an incident that occurs in a certain time
frame and specified location that lead users to tweet and initiate various hashtags and trends while the
event is ongoing. Several approaches have been proposed in the literature like [17-23], and [24]
targeting finding influence level while using different approaches of analyzing user tweets and
connections. However, to the best of our knowledge, none of them have addressed finding influence
level within specific events regardless of their influence on their networks, which was clear when the
authors in [25,26], and [27-30] used singular user meta data analysis without connecting event based

knowledge or factors.

In this context, we elaborate in this paper an approach that entails ranking of influencers by assessing
their level of influence based on theme, event and reputation contexts. Our proposed model correlates
multiple influence ratio calculations to achieve this objective. We aim at capturing all event
influencers and at the same time all theme influencers with similar time, location, and sample size
criteria, and then correlating and analyzing historical influence and other attributes to obtain
maximum accuracy of influence rating and ranking. To elaborate more, we first aim at calculating
influencers ratings and then selecting those influencers in the context of an event while jointly
maximizing influence rating accuracy and minimizing spam user irrelevance by joining similar
calculations and findings about the selected theme to which the event belongs. Second, we aim at
selecting, out of the first resulting selected list of influencers, the set of influencers with the best
reputations by analyzing their content and profiles credibility and impact. We measure the influence of
each user from multiple angles and using a combination of influence ratios to achieve the

aforementioned objectives. The main contributions of the paper is summarized as follows:



e Identifying twenty two different data points and twelve calculated ratios to calculate the
Event’s Influence and Users’ Historical Influence rates for maximizing the influence rate
calculations of a certain event on Twitter.

e Elaborating a Lexicon-based approach to measure the content and profile credibility of a
selected list of influencers based on their profiles and tweeting activities.

e Optimizing the accuracy of influence rating through a Joint Theme and Event based content

analysis model considering the impact and reputation influence ratio.

The paper is organized as follows. Section 2 provides the literature review. Section 3 describes the
approach overview including a road map of the entire analysis. Section 4 presents the system model
with a detailed problem and mathematical formulation. Section 5 illustrates the approach and model
implementation followed by comprehensive experiments and discussion. Finally, Section 6 discusses

the conclusion and future research directions.

2. Literature review

In this section, we provide a literature review related to reputation and credibility analysis, and

influence ranking in social networks.

2.1. User-centered and content-based reputation and credibility analysis

Many authors worked on sorting and ranking users based on their influence ratios. Mainly, the
underlying techniques were based on two major categories: (1) focusing on tweets content to calculate
the reputation level using ML techniques [19,31,32], and (2) focusing on the network analysis of each
user’s graph network to assess his/her level of influence [17-19]. In order to achieve a higher
accuracy, some authors have combined the two mentioned categories. Jain et al. [20] used a class of
graph theory algorithm in order to score users based on their centrality for classifying and identifying
universal leaders opinions in later stages. But in terms of social distancing, authors of [33] provided
an important analysis on how this can affect trust and trustworthiness among users. Mohammadinejad
et al. [21] in his article presented a framework that derives the users’ influence levels from their
analyzed personalities. The authors of [22] identified user behaviors based on their frequent activities
in order to score their credibility. Wang et al. [23] correlated tweets credibility to user profiles. In
addition to that, Tsikerdekis et al. [34] highlighted more important user habits or actions like creating
multiple accounts. Also, Ahmad et al. [23] article presented a survey on different approaches used for
detecting social networks rumors. Buzz et al. [35] in his article, used sentiment analysis for Arabic
language tweets in order to classify content and users based on their sentiment score. Finally,

Alrubaian et al. [24] deduced user credibility in order to measure the level of fake and malicious news



spreading. Some of the aforementioned approaches have correlated tweets credibility to user profiles
and have considered trust and centrality during specific events. These approaches helped us in
defining deeper insights about users. However, to the best of our knowledge, none of them offered a

model correlating event topic credibility and user reputation findings to identify relevant influencers.

2.2. Influence ranking in social networks

Influence detection in events and public conversations has become one of the most challenging
research direction in the field of Social Network Analysis especially in Twitter event. But finding
influencers and ranking users based on their influence ratio can be done using different methods and
techniques. Authors in [25-30] found that user meta data like number of followers, number of tweets,
and number of followees in addition to tweets meta data like retweet and favorite counts are enough to
find users influence ratios. On the other hand, authors in [36] rank user influence based on their actual
relationships. While [37] links users influence with their social activity during the selected event. The
authors of [38] calculated a potential social networking ratio (SNP) for each user in among a number
of most popular Twitter accounts in Austria using their accounts meta data like followers and
followees counts. While Bakshy, Eytan et al. [39] used diffusion trees techniques in order to calculate
the influence ratios of users whom their tweets has URLs by calculating the reach of those URLs in
other platforms. In [40], M. Anjaria and R. M. R Guddeti used Incremental Learning algorithms with
NLTK sentiment analysis to predict the presidential elections in the US. While other authors such as
in [41] classified and categorized users into four influence levels categories based on their interactions
and activities. In [42], Y. Mei, Y. Zhong and J. Yand in order to calculate the popularity for each user,
they used eight data points in addition to NewFollowers and NewMentions features to find the top
hundred users in Australia. Riquelme et al. [31] targeted the propagation ratios of users’ tweets using
two different linear centrality approaches. Similarly, Li et al. [43] proposed an eigenvector centrality
based approach to measure users’ influence rate as well. Lahuerta-Otero et al. [44] applied behavioral
analysis techniques among special kind of twitter users in which those techniques can increase user’s
influence ratios. However, Sharma et al. [45] proposed a novel approach that combines users tweets
and their trend scores in order to elect potential influence ratios. Moreover, Huynh et al. [46] focused
on analyzing tweets tags and their correlation with the speed of their propagation. In [47], the authors
propose Weighted Correlated Influence (WCI) approach which combines the relative impact of
timeline-based and trend-specific features of social media users. The proposed approach merges both
the profile activity and underlying network topology to calculate the influence score for each user. The
authors differentiate trends related to COVID-19 over Twitter to generate their results. In [48], the
authors identify information influencers during the COVID-19 pandemic and present analysis over a
dataset of collected Arabic tweets during the COVID-19 pandemic. The study uses the network
topology to identify influencers during the month of March, 2020 and then implements both HITS and



PageRank algorithms to analyze and compare the ranking among users. The results show that both
HITS and PageRank algorithms have 40% similar influencers. Although the aforementioned
approaches assessing user and tweets meta data and activity records are very helpful to discover user
influence, they might not be enough to conclude influence in a specific topic. To the best of our
knowledge, none of them have correlated those assessments to specific topic to increase the

probability of identifying the intended relevant influencers.

3. Approach overview

In this section, we describe the approach architecture and main metrics in addition to the analysis
roadmap. We are using the term ““accuracy’ in our approach to distinguish from other user influence
rating approaches. The more the methodology can classify event real influencers, the more accurate it
is. The proposed approach is used to measure and calculate users influence rates as accurate or non-
accurate, providing an accuracy threshold or percentage after validating the results. Moreover, in
order to maximize the accuracy of finding influencers in social media events, we infer the actual event
influencers based on a model that can reduce the gap between the user’s calculated influence rates and
their actual influence. Finally, influence rating accuracy can be clearly defined as the level of match
between a user’s given influence rate and his actual influence value. Each user is considered a key
driver in social media platforms. Hence, studying users’ behaviors entails a set of metrics that
specifies their profiles and their synergies. To start with, we describe in the following the main user

social metrics used in our approach:

e Reputation: Reputation can be defined as an attitude composed of an emotional and a
rational aspect of a certain content or user [49]. Reputation can be used for different purposes
on Twitter, such as political activities, human mobility and epidemiology [50].

e Influence: In the context of social media platforms, various definitions for influence have
been defined and measured [51]. Influence can be generally defined as the effect induced by a
certain person on the ideas, thoughts or behaviors of other people [52]. Indeed, Katz at al.
[53] claim that influencers are able to produce, using word-of-mouth, a chain-reaction of
influence resulting in high reach.

e Credibility: Credibility can be defined as trustworthiness and inherent persuasiveness.
Utilizing credible sources and information over social media is essential for deriving accurate
conclusions. However, evaluating credibility is a challenging problem. Usually, some users
are not reliable and thus there is no guarantee regarding the validity of their content. Twitter
provides the username as the only data about those users and thus their profiles can be fake

and may generate false information. Other accounts are verified accounts and refer to



legitimate source that is authoring the account’s tweets.” However, this is only a small group
of users whose accounts are verified. Hence, measuring the credibility of a certain social
media user is essential to depict the credibility of the given piece of information. Different
levels of credibility are defined and various research interests are being explored to measure
the credibility for each level:
o Post Credibility: defines whether a certain post represent relevant and accurate
information about a specific topic [54].
o User Credibility: quantifies the reliability of a certain user and is typically associated
with a certain score [55].

o Topic Credibility: corresponds to the acceptance of a certain topic or event [56].

The scheme architecture, depicted in Fig. 1, represents the main modules and flowchart about the
analysis mechanisms used to find top influencers for a selected event. To maximize the accuracy of
finding such a class of users, a correlation is performed between the influence metrics calculation
according to the selected event with the encompassing theme having the same location and time-
frame. Moreover, adding a layer of reputation maximization is a major enhancement improving the
final rating results. For a better measurement, we chose to select 1000 users as initial user datasets
selected for both event and theme. Then, we investigated the results while sorting and displaying the
final insights of the top 10 percent (100 users) of the initial user dataset in the optimization layer-2,
which is intended to be supporting our approach by looking at the each users history of activities to
find their general content credibility as displayed in Fig. 1 and explained in the following modules (11

to 17):

The flowchart in Fig. 1 provides a step-by-step description of our approach. After collecting and
cleaning the initial datasets, the following processes take place by order in two stages. Stage-1
embeds the main approach of accuracy maximization (for the selected 1000 users dataset) including
Engagement Calculation, Event Influencers Selection, Theme Influencers Selection, Event Influence
Rate Calculation, Theme General Influence Rate Calculation, Event/Theme Influencers Classification,
Event Influence Rating Maximization, Event Influence Irrelevance Minimization, Event/Theme
Activity Calculation, and Event Influencers Credibility Aggregation. Stage-2 embeds the second layer
of reputation and credibility (for the selected 100 users dataset) including Joint Influencers Selection
for Reputation, Influencers Impact and Profile Credibility Measurement, Influencers General Impact
and Content Credibility Measurement, Influencers Reputation Calculation, Influencers Reputation
Maximization, Influencers Sorting, and Influencers Exported List. In the sequel, we describe each

module presented in the architecture assuming that the data is already collected, cleaned and prepared

3 https://twitter.com/verified.
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for analysis. In the sequel, we describe each module in details presented in the architecture assuming

that the data is already collected, cleaned and prepared for analysis.

(1) Engagement Calculation: Calculates the Engagement Rate of all users involved in the
selected event.

(2) Event Influencers Selection: Selects the top 1000 event influencers based on the calculated
engagement rates.

(3) Theme Influencers Selection: Selects and sorts the top 1000 influencers from among the
theme users based on their number of followers.

(4) Event Influence Rate Calculation: Calculates and sorts the Event Influence Rate for the
selected 1000 event users.

(5) Theme General Influence Rate Calculation: Calculates and sort the Theme General Influence
Rate for the selected 1000 theme users.

(6) Event/Theme Influencers Classification: Classifies both the event and theme influencers lists
into Master, General, and Micro influence categories.

(7) Event Influence Rating Maximization: Maximizes the Influence Rate calculation by
correlating both the Event and Theme results into general influence.

(8) Event Influence Irrelevance Minimization: Minimizes the irrelevance by re-arranging the
users in both event and theme influencers list who might appear as spams, malicious and/or
blacklisted users.

(9) Event/Theme Activity Calculation: Calculates and differentiates activity ratios for both event
and theme influencers

(10) Event Influencers Credibility Aggregation: Finds credibility aggregations for the event
influencers based on their profiles, tweets, and types.

(11) Joint Influencers Selection for Reputation: Selects top 100 influencers from the joint result of
theme and event influencers/users list.

(12) Influencers Impact and Profile Credibility Measurement: Calculates the impact and profile
credibility ratios for the selected 100 influencers based on their profile biographies.

(13) Influencers General Impact and Content Credibility Measurement: Calculates the general
impact and content credibility ratios for the selected 100 influencers based on their historical
activities.

(14) Influencers Reputation Calculation: Calculates the influencers reputation rates and the
general reputation rates for the selected 100 influencers.

(15) Influencers Reputation Maximization: Correlates the previously calculated rates to maximize
the reputation rates for the selected 100 influencers.

(16) Influencers Sorting: Sorts and displays the result of the maximized reputation rates.



(17) Influencers Exported List: The result shows the top 100 influencers in the selected event

using the proposed scheme.
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4. Problem formulation & system model
In this section, we describe the problem formulation and system model of the proposed solution after

showing the motivation of our intended formulation methodology. While most of the reviewed
approaches tackling influence and influencer rating on Twitter events use user-centric and tweet-
centric data points like followers, followees, retweets, interactions, and other data points to assess the
level of influence a user might have within a specific network or a specific event (discussed in details
in Section 2), we believe that there are multiple event-centric and theme-centric data points that could
contribute to the influence rating formulation or calculation (the main motivation of our approach)

should be addressed as well.

“ Are-influencers-really-influencing-anyone™,* an article has been published in early 2021 talking
about country influencers failing to influence people on COVID-19-related topics, and raised a
question about if those influencers are not influencing people, who is? This was a trigger for us to
support our motivation and try to find what we are calling “‘real-event influencers” by unlocking more
data points and trying to apply our weighting methodology (which is a hypothesis we are trying to
prove in this article) to contribute to the influence rating research. For that reason, we split the
importance factor (weight) of all data points into a theme and event-based ones, and to formulate them
into a mathematical model, we decided to evaluate the event at first and later combine theme-based

findings to optimize the results.

Before proposing our methodology, we started by tracking a local topic related to “fashion’ and
manually tried to find the event influencers (using some of the approaches described in Section 2)
after collecting a list of tweets that use a specific hashtag, and we were able to select a set of
influencers which are celebrates and very well-known social media activists that contributed to the
event using the same hashtag. However, their contribution was very short and came on the last days of
the event without being contributed to the event evolution on Twitter before they start tweeting, in
addition to that they do not belong to the same community of the event “fashion”. That is the reason
why we believed that those influencers are still influencers due to their profiles, however, they might
not be influencers in this specific event due to the mismatch between their profiles and their historical
interests or influencing topics. From this point of view, we decided to perform our approach by
assigning all users who engaged with a specific event, different weights for their data points by
reducing the importance of being influencers in their networks, and increasing the importance of

being engaged in the specific topic and having created more impact on their spread content, and

4 https://beirut-today.com/2021/01/26/are-influencers-really-influencinganyone/
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finally accelerating the importance for those having previous activities on similar topics to be selected
as credible users by combining their historical data points. The following metrics rules and
mathematical formulas are intended to differentiate our work from other user and content influence
rating approaches while looking at the problem from different angles. Enumerating formulas with
weights was very helpful to explain the features importance while formulating the main optimization
solution. All mathematical formulas are being weighted and added up to 1 (scale of 0—1 equivalent to
0%-100%). Given a set of users J" disseminating a set of tweets 7, regarding a set of events ¢,
belonging to a set of themes H, the function f~, f~: U — 2V defines respectively the set of followers
and followees of a given user. Our joint theme and event based rating approach aims to identify the
most influential users list Ly € V while maximizing the content accuracy 4C¢{#) and reputation 247

(z) of the selected influencers as described in the following:

max ACC(u), Vu € Ly (nH)

max REP(u), Vu € Ly 2)

We consider a sample of users £/, € V" engaged in a certain event ¢ € g, belonging to a certain theme
h € H. Our objective consists of identifying the key influencers having the most significant impact on
other users during this event. To achieve this goal, we use a joint theme and event based approaches
for ranking the given sample of users. While the event based approach aims at rating the influence of
each user, the theme based approach gets general list of influencers and apply classification algorithm
to get general influencers. We specify the irrelevance of a user contribution in terms of spam accounts
while eliminating the irrelevance as much as possible. We further optimize the list of influencers,
crossed between both approaches, to get the list of influencers Z.; related to an event e belonging to
the theme 4. We then optimize the reputation of those influencers through selecting top influencers in
Zep. In the following subsections, we divide the metrics into 2 (two) main layers. The layer of
maximizing the accuracy which covers the initial influence calculation for theme datasets and the
three user-centric and tweets-centric measures for the event datasets. Moreover, we add another layer
of “Reputation Maximization” which covers the measurement of users and content credibility and

popularity.

4.1. Accuracy maximization
We aim at maximizing the accuracy for each selected influencer in a certain event by maximizing the

influence rate /# while minimizing the irrelevance /#4. To achieve this objective, we follow a joint
approach composed of Theme and Event based models. While theme-based selection strategy focuses

on obtaining influencers with general and historical perspective in this theme, the event-based



selection strategy aims at obtaining influencers particularly related to this special event using multiple

metrics.

(1) Theme based Influence Rate Calculation: After fetching the sample of users // using
Twitter API, we aim at identifying general influencers with at least 1000 followers within the given
theme. Our general influence rate /4 model entails the historical influence achieved for each
influencer by adding two ratios each with a predefined weight. The first one is the Followers to
Followees percentage (the followers to followees ratio per user from the total ratio of all the selected
users). The second one is the percentage of tweets count for each user (the count of tweets per each
user from the total count of all tweets provided by all the selected users). Both percentages are

calculated during the selected period of the selected theme.

2
— ZW1=1
GIRW) = w.FFRU)+ w,.T CR (U),
i=1

©)

where /#// corresponds to the followers followee rate and 7¢# corresponds to the Tweet count rate of
user sample. Due to the generality of this approach, multiple influential users with different
backgrounds and roles are obtained within the given theme. As a result, we apply bagging algorithm
in order to classify this heterogeneous list of influencers into three consistent groups (Micro, General,
Master). The general influence classification criteria is being investigated between four main interval

thresholds (25, 50, 75, and 100) representing the percentages of the general influence rate.

Conic = 26 < GIR < 50
C (GIR) =1 Cpon =51 < GIR <75
Cras = 76 < GIR < 100

The list of influencers Z; related to a certain theme # is then obtained for this theme.

(1l) Event based Influence Rate Calculation: The goal of event based model is to select the list of
influencers £, with the highest influence during a certain event e. Fig. 2 depicts the different
components of this process (User Meta Rate, User Presence Rate, and Tweets Meta Rate), and the
displayed circle sizes reflect the importance or weight of each component. However, those weights
may differ from one event to another depending on different factors including topic, importance,
category, location, and many other factors. User-centric measures are of key importance as they
essentially help to quantify user’s engagement. Therefore, we define two types of user-centric

measures: (1) User Meta Rate (UMR) that represents the meta data points like account age, number of



followers and followees, and (2) User Presence Engagement Rate (UPER) that captures the
engagement of a user in the particular event ¢ in terms of tweeting frequency and duration. Hence, for
the same sample of users &, we aim for detecting the set of users £/, that are mostly engaging in this
particular event without having previously been influencers (i.e. before the event ¢). We fetch all the
necessary data corresponding to tweets, users and meta, and then filter this data according to a certain
tweet cutoff. In addition to the user-centric measures, the tweets meta rate for a selected user /77 is
another part of this model since the meta rates (retweets, favorites, and replies) that are related to all

the tweets initiated by a certain user can define the popularity of this user during a certain event.

Uiar Mata User Presence

Tweets Meta

Figure 2 Venn diagram of the multiple measures of the UIR: User meta, user presence, and tweets meta.

(1) User Meta Rate UMR is calculated as follows:

UMR(u) = a.SYR(u) + B.UFOR(u) + y.UFER(u) + k. ULR(u)
“4)

where @, £, y and x correspond to the weights given to each term respectively. S Az) corresponds to
the User Since Years Rate, /#0OM ) corresponds to Users Followers Rate, /#£Az) corresponds to
the User Following Rate and &/ZA(z) corresponds to the User Listed Rate. Theses rates are defined as

follows:

e User Since Year Rate .57 A %): depicts how long this user has been using this account. A user

with a long period of time may have a higher level of engagement or a larger number of



connections than a user with a new registered account. Hence, this user might likely be more
influential than a newly registered user. To calculate the User Since Year Rate of a certain user
SV A u), we consider the number of years since the registration of this user over the total

number of years since Twitter platform has been created (age of twitter) as follows:

SYR@) Number of Years Since User Registration 100
= *
u Number of Years Since 2006

6))
o User Followers Rate /A0 z): Generally, the number of followers can be considered as a key
indicator for measuring the influence of a certain user. Since we aim at minimizing the
irrelevance /#/Z of users content, we use this metric for eliminating spams and fake accounts.
We calculate this metric by considering the ratio of the number of followers for this particular

user over the total number of followers engaged in this particular event:

UFOR () User Number of Followers 100
= *
Y= Total Number of Followers for All Users engaged in e

(6)
e User Following Rate /A w): is the number of the user followings divided by the total
number of all users followings:
User Number of Followings
UFER(u) = - — % 100
Total Number of Followings for All Users engaged in e
(7
e The User Listed Rate &/ZA(#) To obtain this metric, the two lists Z, and Z; are crossed to
derive the list of influencers:
ULR(w) Number of Listed Times 100
= *
W= Total Number of Listed Times of all Users
®)

(2) User Presence Engagement Rate /27 In general, influencers are usually active but not all active
users are influencers. The engagement can be considered as a very important factor that affects the
total influence. We develop this metric in order to quantify the productivity of a certain user. Posting a
large number of tweets is one of the key indicators about the intense level of engagement of the user

in an event. We calculate the User Presence Engagement Rate /2474 as follows:



User Number of Tweets x UER (u)
Total Number of Tweets for All Users

UPER(u) =

where UER corresponds to User Engagement Rate which is defined as follows:

User Duration of Tweeting

UER(u) =
W) Total Duration of Tweeting for All Users

where the User Duration of Tweeting per the selected event eis calculated as follows:

User Duration of Tweeting = User Last Tweet Time — User First Tweet Time

and the total duration of tweeting per the selected event eis calculated as follows:

Total Duration of Tweeting = Last Tweet Time — First Tweet Time

)

(10)

an

(12)

(3) User Tweet Meta Rate UTMR: Quantifying the importance of tweet generated by a certain user is

very critical in determining the influence of this user and hence, we define User Tweet Meta Rate

U7TMPRin terms of retweets and favorites rate achieved by a certain initiated tweet as follows:
UTMR(u) = 60%URR(u) + 40%UFR(u)
where the User Retweets Rate /&4 and User Favorites Rate /7 are calculated as follow:

User Number of Retweets
*
Total Number of Retweets for All Users

UFFR(u) = 100

User Number of Favorites
100

UFR(u) =
) Total Number of Favorites for All Users i

To calculate the user influence rate /Az), we combine UMR, UPER sand UTMR as follows:

3
IR(u) = w,.UMR(u) + w,. UPER(u) + w3. UTMR (u) Zwi =1

=1

(13)

(14)

(15)

(16)



where w1, w» and w3 corresponds to the weights of each user meta rate. Crossing each of the event-

based model and theme-based model leads to a list of influencers Ze .

4.2. Reputation maximization
We further consider sampling out of the selected influencers £¢, to apply a second step with the

objective of maximizing the selected influencers. We select a list of influencers (please refer to Fig. 1

Case Study User List 1.1) out of the user list Z .~ The reputation rate of user « is defined as follows:

2
RepR(u) = w;.IGRepR (u) + w,.IRepR(w) Z w;=1

=1
(17)
where /IGRepR corresponds to the Influencer General Reputation Rate and /RepR corresponds to the
Influencer Reputation Rate. The Influencer General Reputation Rate /GRepR specifies the reputation
rate of the selected influencer before the occurrence of the event and thus gets a historical reputation
about this user. We calculate the /GRepR in terms of Influencer General Impact rate /GIR and

Influencer General Tweets Credibility rate /GCR based on user theme tweets as follows:

2
IGRepR(u) = (wl.IGIR(u) + wZ.IGCR(u)) Zwi =1
i=1
(18)
IGIR is calculated as follows:

|TE| * 1f = @) + rt(w, h) + fv(u, h)
*
Total Impact of All Users

IGIR(w) = 100

(19)
where |73/ | corresponds to the User number of tweets per theme £, |/~ (z)| corresponds to the number
of user followers, 74z, h) corresponds to the number of user retweets per theme and /(#, h)

corresponds to the number of user favorites per theme.

IGCR is calculated as follows:

Number of user's tweets per theme . . .
1 ( ! L ) * 100 if u is credible
Total number of tweets

IGCR(u) = {
0 otherwise

(20)



We also aim at assessing the reputation of this selected influencer in the context of this event and

hence, we further calculate the Influencer Reputation Rate /RepR as follows:

2
IRepR(u) = w4.1IR(u) + w,.IPCR(u) Z w; =1
i=1
2y
where IIR corresponds to the Influencer Impact rate and IPCR corresponds to the Influencer Profile

Credibility rate.
IIR is defined as follows:

T = " @l +rtwe) + fowe)

IIR(u) =
W) Total Impact of All users

100

(22)

where | 77/ | corresponds to the User Number of tweets per event &,|/(#)| corresponds to the number
of user’s followers, 74z ) corresponds to the number of user’s retweets per event eand /A(#, ¢)

corresponds to the number of user’s favorites per event.
IPCR is defined as follows:

Number of user's tweets per event
1 *
IPCR(u) = Total number of tweets
0 otherwise

) * 100 if u is credible

(23)

5. Implementation & experiments
In this section, we provide the implementation, data processing and different performance analysis

realizing the proposed methodology and scheme. COVID-19 is chosen as a main event. We show the
performance analysis of the experiments performed individually for each model followed by the

overall findings and results.

5.1. Topic selection
The adopted selection methodology started by selecting the event topic and choosing its relevant

hashtags and keywords that were used to build the basic twitter search query in order to get the

targeted results. Afterwards, the system collected one million unique tweets with all their relevant



unique user profiles. Once the tweets and user profiles were fetched, additional aggregations and
labels were added to each tweet and/or profile, which indicates a few additional attributes and
classifications. In the sequel, we elaborate on the aforementioned action steps based on the proposed

methodology.

e One million public tweets were collected using a hard-coded python script that uses Tweepy
[57]. All tweets contain at least one of the following keywords (terms not hashtags) ““corona”,
“covid”, or “sarscov2”, which are the most used keywords during the COVID-19 global
event. After fetching all tweets, the unique users were listed to be collected using Twitter
REST API V1 [58] access tokens in order to be analyzed and classified at later stages.

e In order to classify tweets whether they are corona related or non-corona related based on
their contexts, an ontology/lexicon of common related keywords/terms was produced and
used within the NLP entity extractor modules. Below are the different lexicons used during
our study to label tweets and profiles based on the NLP results: Corona Top Used Hashtags
Lexicon, Corona Social Media Context Lexicon for Tweets, Occupation Lexicon for
Grouping Users Based on their Biographic Information, Medical Occupation Lexicon for
Users and Virus Specialty Occupation Lexicon for Users.

e After building all the aforementioned lexicons, each single tweet was labeled as ““isCorona”
tweet (i.e. the tweet content contains Corona related keywords) or “isNotCorona” tweet (i.e.
the tweet content does not contain Corona related keywords), and each user profile was
labeled as “isMedical” (i.e. user profile contains medical keywords) or “isSpecialty” (i.e.
user profile contains virus and vaccine specialization keywords) based on the users claimed
biography information. In addition to that, a specific occupation field was added to each user
based on their claimed biography details as well.

e An enriched dataset was next designed to help aggregating and creating more relationships
between all the data points and the available classifications. The obtained dataset is structured
according the following features: TweetID, TweetHashtagCount, TweetFavorates,
TweetRetweets, TweetMentions, TweetTotalInteractions (i.e. favorites plus retweets),
TweetTotalReach (i.e. number of followers for the tweet’s user), UserID, User-
ClaimedLocation, UserOccupation (extracted from the user’s profile), isCoronaTweet,

isMedicalProfileUsers, and isSpecialtyProfileUser.

5.2. Data processing
We present in the following additional description of the proposed scheme presented in Fig. 1 in the

following:



Event Selection: The event parameters such as the event, location, language, and duration
were selected. We selected “COVID-19" as our event with global location and restricted the
language to English. The data was collected from Jan 25 2020 to March 20 2020 with a size
equal to 1 million unique tweet and 288.4 thousand unique user.

Event Data Collection: This is done through querying all tweets containing at least one of the
following terms: “covid, corona, sarscov’’ over Twitter public blog.

Event Data Cleaning and Filtering: GCP DataFlow and BigQuery were used to manage and
execute sequence of steps related to cleaning and filtering the tweets.

Event Data Analysis: GCP DataFlow, BigQuery Analysis, and custom python scripts were
used to analyze the tweets.

Launching Core Event-Based Algorithms: The core implemented algorithms to calculate the
Influencer Rating, Classifying Influencers, and Influencers Credibility and Impact
Measurements were launched in the form of scripts.

Event Exported Datasets: The inferred results included a dataset of 1 million unique tweets,
dataset of top 1000 Influencers (ordered by number of event-tweets), and a sorted list of 1000
Event Influencers.

Theme Selection: The theme parameters such as the event, location, language, duration were
selected. We chose “Medical, Virus™ as our event with global location and restricted the
language to English. Our data was collected from Oct 01 2020 to Dec 05 2020 with a size
equal to 850 thousand unique tweets and 401.7 thousand unique user.

Theme Data Collection: We all tweets containing at least one of the keywords: “medic, virus,
vaccine” were extracted from Twitter Public Blog.

Theme Data Cleaning and Filtering: GCP DataFlow and BigQuery were used to manage and
execute sequence of steps related to cleaning and filtering the tweets.

Theme Data Analysis: GCP DataFlow, BigQuery Analysis, and custom python scripts were
used to analyze the tweets.

Launching Core Theme-Based Algorithms: The core implemented algorithms to calculate the
General Influence Rates, classify General Influencers, and calculate activity ratios for all
theme influencers are launched in the form of scripts.

Theme Exported Datasets: The inferred results included a dataset of 1 million unique tweets,
dataset of top 1000 General Influencers ordered by number of followers and a sorted list of
1000 General Influencers.

Joint Theme-Event Exported Datasets: After calculating the influence rates and maximizing
the reputation for the selected influencers, the following joint theme-event datasets were
obtained: a dataset of all event influencers with maximized influence ratios after merging

theme-based general influence rates, a dataset of the selected 100 influencers with maximized



reputation ratios, and finally, a sorted dataset of 100 influencers based on the final Reputation

Rate from the selected event.

5.3. Event based analysis
We first extracted around 1 million tweets for a total number of users equal to 288,439, a total number

of followers equal to 21,393,493 and a total number of interactions equal to 36,964,431,381. Fig. 3
depicts influencers in the context of COVID event. As the figure shows, top influencers include

EclipseMist, evankirstel, and myamigou with INR equal to 41.92, 37.21, and 35.27 respectively.
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Figure 3 Event influencers using INR proposed calculations.

We further show in Fig. 4 the top 1000 influencers with their corresponding UMR, UPER, and UTMR
ratios (refer to Section 4 for more details). The figure illustrates the non-linear and dense relationship

among those three components.

Top 1000 Influencers

‘ ® Username Username UMR UPER © ~ UTMR © ~
1 Corona_Official 9.7 _ 0.08913942
2 RBSWebsites 131 1.29595554 0.01965828
3 mystylehfb 593 1.04995273 0.01692040
4 BBCPropaganda 3273 094945369 0.54645634
5 Humanist_2020 124.09 088414043 0.20961506
6 evankirstel - 0.68645456 1.10541974
7 ABSCBNNews 50.6 0.61051251 10.78447847
8 Alessio__Corona 126 0.59675706 0.01976534

" 9 cat_hellisen 89.25 0.58951168 0.05471390
10. CrweWorld 1821 0.55060894 0.00014000
n twosheeepl 13.08 0.54806677 0.00132548

- 12, CHANDANSEN.. 23.58 0.54463066 0.00123026
13 watsupafrica 22.64 0.53235106 0.00237569
14 AnalyticaGlobal 20.09 0.51736379 0.01539358
15, charrizard_x 9.47 0.46980723 0.06640222

1-100/937 >

Figure 4 Top 1000 influencers.



As Fig. 4 illustrates, the distribution of the UMR, UPER and UTMR vary from one user to another,
recording different username for the three different maximums. For example, UPER is the highest for
user numbered 1, the UMR is the highest for user numbered 6 and the UTMR is the highest for user

number 7. This due to the fact that each user has different tweeting behavior and characteristics.

5.4. Theme based analysis

We extract around 1 million tweets with a total number of users equal to 391,795, a total number of
followers equal to 16,973,449,114 and a total number of interactions equal to 6,950,323. Fig. 3 depicts
influencers in the context of COVID event. As shown in the figure, the top influencers include Zber#

acts, V oceNaoSabia, and AN/ with INR equal to 335.6, 90.39, and 83.35 respectively (see Fig. 5).

General Influencers (General Influence Static Approach)
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Figure 5 Selecting influencers using the general approach

We further show in Fig. 6 the top 1000 influencers with their corresponding Followers, Tcr and FFr. A

non-linear relationship is also depicted when using this approach but with less density.

Top 1000 General Influencers

Username Followers ©..v Ter FFre ~ e u
1 BillGates 0.0220 13.66555893 Followers Madisn
2 nytimes 0.1542 3.08926361
3 CNN 0.6829 2.49110837
4 BBCWorld 273MY 0.0660 23.19897678 . : _ ‘e
5 TheEcono 244M 00440 11.76836134 oy
.

6 NatGeo 238M  0.0660 17.91002177
7 Reuters 214M 02864 1.15655254
8 CNNEE 181M 0.3304 1.92475326
9. wsJ 17.5M 0.2203 1.18691628
10 TIME 167M 0.1101 2.02396894
n Forbes 159M 0.0440 0.18047487
12 detikcom 157M 03304 33.82237076
13. ABC 15.1M 0.3745. 1.72660642
14 washingto. 151M 0.0881 0.54705476
15. SethMacF. 142M 0.0220 1.81973623

1-100/992 >

Figure 6 Top 1000 general influencers.



5.5. Joint event and theme based analysis
The resulting list of influencers using the joint theme and event based scheme is depicted in Fig. 7. As

depicted, the GIR alone fails to capture influencers in the context of COVID while the INR achieves a
higher level of accuracy. The figure shows further analysis on the scale of tweets achieved by
influencers captured by each of the event and theme based approaches individually. Selected
influencers in the theme based approach reach an average of 4.54 tweets per influencer (0.45%),
which is less than that of the event based approach with 143.27 tweets per influencer (13.56%). This

signifies the impact of influencers selected when tweeting in terms of the total number of users.

Theme General Influencers Classification Event Influencers with General Theme Influence (¢ = & ¢ Event Influencers Classification
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Figure 7 List of influencers of the proposed joint model.

Furthermore, the credibility of those top influencers is measured in terms of content credibility,
profiles, virus clinical profile and company in Fig. 8. The percentage of content credibility is low in
comparison with the total content released about COVID. This shows that most influencers did not
have credible content. Similarly, medical profiles record a low percentage in the set of influencers.
This might be due to the fact that most influencers pertain to the group of journalists and news

agencies that release information.



CREDIBILITY AGGREGATIONS
(Among the Event 1000 Influencers)
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Figure 8 Credibility analysis and aggregations for selected influencers of joint approach.

5.6. Reputation based analysis
In this subsection, we compute the reputation for the Top 100 influencers. Fig. 9 shows the

distribution of reputation for both Influencer General Reputation Calculation (INGEPr) and Influencer

Reputation Calculation (INREPr).

General e for the Top 100 (INGREPr) ion C: for the Top 100 (INREP)
by MAX-AC) (by MAX-AC)

Figure 9 Comparison between list of selected influencers with influencer general reputation and influencer reputation
calculation.

Figs. 10 and 11 list the main influencers while highlighting major components of the reputation based

approach.



Username INREPr v INGREPr REPR

1 ABSCBNNews 14.96300919 GG 1.52452035 N 14.96300919 N
2 TIME 7.66931543 I 0.60792401 Il 7.66931543 1l
3. TheEconomist 5.22336467 1 0.18459652] 5.22336467 10
4. WHO 5.20985559 Il 2.64378550 NG 5.20985559 1M
5. ANCALERTS 3.36568273 W 1.06887779 N 3.36568273
6. guardian 2.98268558 | 0.33963151 0 2.98268558
7 SkyNews 2.84839271 10 0.09345006] 2.8483927110
8. htTweets 1.67028648 1 0.217840300 1.67028648
9. NBCNews 1.64119222 0.89911279 1 1.64119222]
10. CP24 1.34369793 0 0.10122995] 1.34369793]
11. IndiaToday 1.236682801 0.03031314| 1.23668280]
12. AlArabiya_Eng 0.86440047] 0.07394650| 0.86440047|
13. CBCAlerts 0.61783173| 0.04236259| 0.61783173|
14. nationalpost 0.53913894] 0.07464055| 0.53913894/
15. ANI 0.52842755] 0.04883752| 0.52842755|
o 10 0 1 2 010

Figure 10 List of influencers with reputation maximization.
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Figure 11 Multiple bar charts showing influencers with reputation maximization.

Fig. 12 compares the achieved credibility of top influencers between the event and theme approaches
in terms of their provided content, medical profile, virus clinical profile and company. As the figure
depicts, the credibility of event-based influencers is much higher than the credibility of theme-based

influencers through four dimensions.



CREDIBILITY AGGREGATIONS
(Among the selected top 100 Influencers)
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Figure 12 Credibility analysis and aggregations for list of influencers with maximized reputation.

5.7. Discussion
Finding relevant event influencers can help in understanding different user behaviors and thus

recommending different strategies and further research enhancements and directions.

Referring to other approaches that use general influence data points to rate influencers on Twitter, we
used some of which mentioned in the literature review to select the general influencers of the theme
that our event case study belongs to. Taking into account that our approach is to find influencers of a
specific event and that the event has a timeframe and a location, it is also important to mention that
narrowing down into those specific event attributes means that influencers might change based on
those attributes and that is hypothetically correct. However, general influencers are supposed to be
always influencers based on their FF ratio or influenced network for instance, and that is
hypothetically not correct from an event-based perspective. While investigating the lists of users
selected and classified by the general influence rating approaches (please see the 6 steps on the left
side of Fig. 1 diagram or check steps 1, 3, and 5 in Section 2)I, we were able to discover users that are
influencers in general but not necessarily being influencers in our specific event (Covid-19) and yet
some of which do not have any intervention within the event community discussion. In fact, that was
the reason why we introduced a specific event based approach while adding more event-related meta
data as constraints while finding event specific influencers, which are clearly defined in steps 2, 4, 6,
7, and 8 in Section 3. Comparing results of the mentioned classifications, we were able to distinguish
the classification and the rating based on the users’ interaction level with both the theme and the event
topics. For instance, being a country president makes the user an influencer in that specific country.
However, that does not mean that the same user is an influencer in a topic that might need specific
field knowledge. Moreover, using the general influence rating methods while selecting theme
influencers helped us to generate a ground truth layer to verify our model enhancements.

Nevertheless, after calculating the influence ratios for the list of users that belongs to the event, we



have found that some users can be highly influencing the event community based on the interaction
and the reach level of their event-based contribution (e.g. comments, posts), while having less number
of followers and tweets in general. In addition, adding a layer of reputation and credibility (refer to
steps 9 to 17 in Section 3) enhanced our approach by looking at the users historical engagement about
the same topic (i.e., event) and its theme at the same time. In fact, this was very useful to verify the
results of the maximization claim by calculating the reputation and the credibility of the top 10% of
the users. The theoretical analysis and manual verification of the final exported list of event
influencers explore that our approach is capable of fine tuning the results and eliminating the user
inactive in the field compared to the mid-layer theme oriented list of users provided by other theme-
oriented approaches. By selecting samples of influencing users based on several theme-based
approaches, we were able to define through counter examples the ground-truth results used to assess

our approach and determine the potential improvements.

In the sequel, we provide a through discussion and conclusions based on the presented experimental
results. To start with, influencers are not just those who have large numbers of follower. Even if that
has a high impact ratio in general, it does not mean that they have to be the relevant influencers and/or
the leaders of a certain event. Results explore that after selecting and sorting out 1000 influencers
from the selected event based on their engagement (i.e. number of tweets within the selected event
time-frame), some of the names that showed at the beginning of the list continued to show at the final
exported list. At the same time, most of the selected 1000 theme influencers that were at the very top
of the sorted list based on their followers count, disappeared in the next maximization levels. These
results illustrate that the user number of followers is not necessarily a main factor in the whole

calculation and evaluation.

Moreover, when calculating event influence rates, we took into account user meta information and
assigned to it a weight representing the level of importance in which a set of data points can
contribute to the main influence calculation. Presence Engagement is the most important factor which
reflects the activity of the user in the event lifetime. Engagement percentages of all users add up to
100%. Users with higher percentages are the most engaging ones during the event. In addition, Tweets
Meta Rate representing the level of interactions with those tweets (i.e. replies, retweets, likes) reflects
their impact. In other words, the more a tweet has interactions, the more it will be impacting the social
network with more spreading. This is a primary factor of the calculation, but it does not imply the
nature of the impact (i.e positive, negative,..). Another highlight in the GIR results of Fig. 6 is the
linear relationship between the high count of followers. In other words, the number of user followers
depicts the real influence and vise versa. But what if those users have a very rare number of tweets or
engagement level? There is no relationship between being influencer and being actively engaging in

that scenario. Accordingly, the assumption of being influencers is still valid for having high FFr, but



must have another supporting influence indicator like the TCr. Moreover, Fig. 3 shows the non-
relational connection between the three calculated rates UMR, UPER, and UTMR since they are not
in a linear relationship. These results illustrates that each one of the mentioned factors has its own
weight driving the user to the top or the bottom of the final sorted list of influencers. Furthermore,
correlating historical influence rates with the selected event influencers can maximize the accuracy of
the aforementioned assumption. For instance, some of the selected event influencers might have
historical general influence in similar events or at least in the same field. That way, we could support
our finding and maximize the accuracy of the calculation when both GIR and INR for a selected user
U are calculated. In other words, a selected event user with a general influence rate GIR greater than
zero would lead to a higher influence rate (see Fig. 7). However, finding event influencers by mixing
event and theme influence findings might still lead to some inaccurate classification. To reduce that,
the reputation factor was necessary to correlate both user tweets content and user profile credibility.
Not to forget, the content and profile impact/popularity analysis within the event time-frame and the
theme time-frame was also a credible badge to add to the model. Based on the mentioned facts, we
can conclude that the influence rates for theme or event users may vary upon their credibility and
impact ratios and findings. For instance, a journalist, who has a large network of followers and a high
level of engagement during a specific event (e.g. Covid 19) and whom his/her tweets get a large
number of interactions, is clearly considered as an event influencer. On the other hand, the same user
might be giving advice about COVID-19 during the event for the first time while his/her profile does
not match the content and the event topic engaging in. In this case, his/her profile is not credible
enough to talk about fields such as Medical or Healthcare. Similar tweets would have higher content
credibility ratios if they belong to other credible users. Hence, the final list of influencers can change
based on the reputation rate sorting as depicted in Fig. 11. In addition, the reason behind choosing two
time frames while investigating users’ influence instead of using the same time frame for both Theme
and Event data, is that when dealing with credibility, historical measurement is needed to see whether
a user is credible to speak about this event from being credible when speaking with similar events
(theme) in the past. This would help in assessing whether there might be a chance of bot-spam activity
introduced during the event, which potentially allowed the user who is interested to join the trend and
publish intentional or unintentional misleading content to join easily. This also can explain on the
other hand, while assessing a “trend” like covid-19 back then, people who might have historical

presence in similar events, were potentially having less chances of becoming spammers or irrelevant.

As a conclusion, it is clear that finding event-based influencers is still a challenging problem
depending on the event itself and how wide it could be when trying to find a global influencer or else
trying to find an influencer in a specific location. In addition to that, our case study meant to be using
one language (English), while if we add more languages, this will make it harder to investigate the

content credibility for instance. As a compound problem, correlating findings from historical user



activities was very helpful to obtain better results and reduce accuracy limitations while sorting event

influencers.

6. Conclusion & future directions
This paper addressed the problem of finding relevant Twitter influencers within specific events. In this

context, we proposed a novel joint theme and event based data-driven rating scheme to maximize the
accuracy of identifying relevant influencers on a global event. User profile reputation and credibility
in specific context were also considered in the proposed model for enhancing the inferred results.
Covid-19 was adopted as a case study for a specific period on Twitter. We performed extensive
experiments followed by a through analysis and discussion illustrating the relevance of our proposed
solutions. Users, tweets, profiles, history, event, theme, and correlations were all dimensions
considered in our approach. It is worth to mention that our proposed scheme can be adapted to
diversity of events, languages, regions, and time-frames. Although Covid-19 may potentially be a
wider theme of other events like “vaccination” campaigns and ““postpandemic’ regulations or topics
being discussed on social media, it can be treated as both an Event in a wider Theme, or a Theme
having sub events. For the sake of applying our methodology on a trendy event on social media, we
have treated Covid-19 as an event. Finally, we present in the sequel some important analytical

questions that can be answered through our proposed scheme:

e How might a user with very high engagement rate have less reputation than others in a certain
event?

e Can influencers in events be classified credible without having historical activities about the
event-theme?

e How credible are those influencers within their networks both in general and based on their
profiles?

e How to differentiate between being a general or specific event’s influencer?

e What are the main drivers of being an event influencer?

e Can an influencer with very large network and reach level be considered as non-influencer?

e Can an influencer with very small network be considered as an event influencer?

e How can we find hidden influencers in similar events?

o How does time affect being an influencer?

As future research directions, considering NLP-Based analysis of the sentiment and content meanings
in the influence identification model may form a very promising extension to improve the proposed
scheme. Studying and quantifying the influence of the engaged groups (e.g. organizations,

professional entities) on certain audiences may also be considered another important extension.



Moreover, embedding graph network analysis by applying interconnected relationship influence ratios
may constitute a great enhancement. Finally, thinking of a continuous evaluation for such a theme-
event approach, adding more events in the future while assuming that the current event will be a

theme of nested events, might be very helpful to inherit influence ratios over time.
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