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Abstract
Twitter is one of the most active social networks in news sharing.ld*egport local
events sometimes faster than news agenBlaeng majorevents,such as earthquakes
and presidential electionpeople share tweets, retweets, images and tellesedto the
event, creatingnoverwhelming number of postShe amount of dta generated by social
media provide a powerful tool forknowledge discovery for individuals, organizations
and governmentdHowever, he largestreamof tweetsmakes tracking interesting posés
challenging task Understanding user behavior during diffiet events provides
substantial knowledge to get the most out of the social media péwevitter post
encapsulateseveral fields about theveet and the usersuch as posting date, users
locations, time zones, and geographic coordinalé® main aimof this work is to
investigate the relationship between user participation, news type and geographic
locations of usersn Twitter. To achieve this goal,gsts related to a certain eveneng
retrieved by keyword search, and geographic informati@s obtda ned fr om use
profiles, thenpostswere analyzed by n&s type and geographic locatiohhe results
showed that finance news tweets dhaistinct user behavior, finance tweets have more
original tweets, more links and less hashtagsle politics tweetshad the largest number
of hashtags, compared to disaster and finance tweets. The investigationetdtibaship
bet ween users’ p typetwould ipppvedé guaelinesmsdcial medias
management and advertisemesitnilarly the analysis othe relationship between the
participation and ussrlocationsprovides insight for information diffusion research and

locationaware news recommendation systems
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Chapter 1 Introduction

News sharing and reporting is one of the most popadaral mediaactivities
Twitter, with 340 milion users generating000 tweets per second on averaQéveira,
20169. Kwak, Lee, ParlandMoon (2010) found thatver 85% of topics shared in Twitter
are headline news or comments about né&ggrswho aredistributingand creating news
are known as ttizen journalists(Bruns, 2010). People report news sometimes before
official news channeldpr examplethe USAirways plane crash that toghacein 2009
was reported in Twitter by pictures before any local news agency appeared in the scene
(Choi & Kim, 2013). Additionally, the retweet feature provided by Twittee,, the
process ofepostingmessage of other uses increases traffic considerabkwak et al.
(2010) found that on averagemessages get 100@tweets even when the number of
followers ofthe original message poster is low.

Choi and Kim (2013) analyzed Twitter data for tracking breaking news and
showed that Twitter can be used faacingnews over the worldAdditionally, due to the
large number of users accessing social networks fram #mart phones, information
related to the location of the users is gaining increased importance in social networks
(Lima & Musolesi 2012).

1.1 Twitter Fields and Characteristics

A tweet, is a message that consistsipfto 140 characters written by a reggred
userof the Twitter service. Retweltg is the act of reposting a message, thatthis
message wilbe postedn the retweetér s t i amcetd hefollowers Retweets arene

of the mainpropagation mechanisin Twitter (Wu & Chen, 2015). A useanretweet



any message even if i inot from followers or friends, aif her followers will then
receivethe retweeted message dhdycan retweet it again creating a path of retweets.

The limited length of messageauses people to adopt differasitategies. €ople
oftenshare links to full articles, websites, pictures, and vidaog,use abbreviations and
incomplete sentenceldserscanalso share hashtags in their pogtBerea hashtag isext
preceded by andused t® ndicate dopic’ Fér’instancewhen the hashtag
#London is included in a messageis assumed that the message contantsabout
London or something related to London. Hashtags are used to organize topics, create
discussion about an event and to promote idepsooiucts.
1.2 News

News has beend e f i ned as or“ai repbroaboot foimething that had

happened recentlyn a newspaper, magaziner televisionnews prograth ( Mer r i am
Webster Online Dictionary, 2@6). With the advances of digital media, moaatll-known
news agencies are now available online on the form of Websites, Twitter accounts and
Facebook pages. BBC, CNN, Reuters, and New York Times are examples of news
agencies, which publish news online and on Twitter (Bhattacharya & Ram, 2012). Other
sources bnews online include Yahoo news, and Wikipedia current events, veneh
news portad that list events, trends and developrtemvith links to full articles. News
also now includes events not yet reported formally, such as the US Airways plane crash
exampé mentioned earlier.
1.3 Problem Definition

Social media sitesuch as Twitterexperience heavy traffic during majevents,

e.g, earthquake and presidential electionas people tweetetweet and reply to each



other. Thismakes tracking important postffom around the worlda challengingtask
(Stanger, Thomee, Popesdennacchiotti & Jaimes, 201&dditionally, an individual

may have many social media accounts, for instance an account in Twitter, Facebook,
Snapchat, or Pinterest. The vast amounts df dgenerated by these applications
continually, forces the user to randomly pick which to read, thus, important information
could be overlooked.

While access to news is now global, the influence of local differences ieamain
may introduce bias to theeporting. Social media allows people to follow likainded
friends from around the globe, however, the desire to learn about local events is still
important in some cases (Takhteyev, Gruzd & Wellman, 20Mifter includesseveral
fields and information lzout the poster such as user locatiptime zore, and geographic
coordinate which arenot directly acessible by the ordinary us@witter users camlso
identify their location by specifying their user location, geotagging the tweet location, or
attachng an event place name to a tweet.

Peoplealsousetweets o sharelinks to sites,articles, videos, and imagésizam,
Watters & Gruzd, 2014)Cao and Caverleg2014) stated tha25% — 29% of tweets
posteddaily contain links.By analyzing URL sharingatterrs it may bepossible to
identify thelinks shared in a certain geographical regiowlwhich may beof interestto
otherusersin thatregion. Additionally, link analysismay provide potential applications
in recommendation, advertising and detegd spam (Cao & Caverle2014).

Hashtags arene ofthe most used featus@ Twitter, it is estimated that 25% of
tweets contain hashtagSH(, Ifrim & Hurley, 2016. Hashtagsreusedto connectpeople

organiz topics propagate ideas and promoteafie topics Maity, Saraf & Mukherjee,



2019. News organizationsise hashtags to promatew contentand to engag@eople
(Shi et al., 2016) Including hashtagyin a post increaseits chance to be seen by
communities ofnteresteduses. Analyzing hashtgs provide potentialvaluein modeling
user behavio(Bogdanov, Busch, Moehlis, Singh & Szymanski, 20B4)) generating
recommendatios(Shi et al., 2016).

The abundance of user generated contents provided by Twitter poses a challenge
to find qualitynews andnformation Employing geographic features available in Twitter
for developing locatioraware news services provides two possible advantages. First,
allowing users to view newerelated tweets by location, and secomdiucingthe amounts
of tweets,thus providing a filtering mechanisnfang, Ghoting, Ruaand Parthasarathy
(2012 indicatedthat interactive querying and analytics could be developed that would
enhance the reading experienck Twitter posts That is, given the scale and the
immediacyof Twitter in news reporting ihas becom@ecessary tanvestigatedifferent
ways for viewing and tracking tweets related to major world evenlkss investigation
could facilitate creatingpcatiorraware applications, predict news popularity, and provide
reaktime filtering.

1.4 Objectives

The main objective of thighesisis to understandhe relationkip between
geographic locatiomf users and theharacteristics otheir participationin Twitter for
news related tweetdVe examine this ovethree different types of newsspecifically
finance, disasteand world politicsThe objectives can be summarized as follows:

1. To examinethe following behavioal characteristics of users tweeting abthese

newstypes generatiorof original tweets, retweetdiaditags and links



2. To developan overall model by countryvhich could be usedby usersand developers
to profile the expected geographatterrs of twitter behaviorfor different types of
news

1.5 Research Questions

The main research questionhiew the behavor of participants usin@witter for
news reporting andommentingis related to geographic locati@nd the type of news.

Three types of neware consideredn this research, finance, disaster and politidss

guestion can be divided into three subgjiom as follows:

RQ1: Is there a relationshippetweencountry and the type ofuser participationin

Twitter?

1- Is there a relationship between country &inel generation of original tweets
retweet®

2- Is there a relationship between country and the ubasiftags?

3- Is there a relationship between country and the use of links?

RQ2: Is there aelationship between news type and user participation in Twitter?

1- Is there a relationship between news type thiedgeneration of original tweets to
retweet®
2- Is therea relationship between news type and the use of hashtag
3- Is there a relationship betweraws typeand the use of links?
RQ3: Is there a relationship between <country, news type> and user participation in
Twitter? In other words, Is there an interactiogtvibeen country and news type? And if

interaction exists, how does it influence the user participation in Twitter?



1.6 Outline of Thesis

The thesis is organized as follows, chaptepr@sents background and related
research in the areas néws sharing immwitter, social network analysis and modeling
user behaviorNext, chapter $resentsan exploratorystudy conductedo gain general
knowledge about Twitter argportsnews. The aim of this study was to analyzelihsic
characteristicsof two sports datasgt then these characteristics are compared and
articulated,along withthe results and motivation for the next phaSkapter 4explains
the researchmethodologyas well as the details of data collection and analysis. Next,
chapter 5 introduces the studyukts and findings. Chapter 6 discusses the results
explairs the limitations. Lastly, ¢apter 7 summarize the researchand presersg

contributions implications of research findingsmdfuture work



Chapter 2 Background

Twitter research covers laroad spectrumof topics, ranging from populaareas
such as evendiscoveryand network analysis to novel ones suchmestaldepression
detection (Wang et al., 2013s backgroundwe investigatedhree major research areas
that are relevant to this thesisnews shang in Twitter, social network analysis, and
modeling user behavior. Research concerning rsa&sngprovides answers to questions
such as how fast and how far a news story teav&tographic characteristics of social
media userbave beerextensively esearched due to the wide use of smart phones, which
allows sharing location informationUser behavior research aims at modeling the
behavior of usexin order to predict influence, recommemehds and build user profiles.
In the following subsection waresent theiterature related tthese researcireas.
2.1 News Sharingin Twitter

News isamongthe mostcommoncontentsharedin Twitter. Twitter is ranked
second in newsliscussionsafter FacebooKGabielkoy Ramachandran, Chaintreau, &
Legout 2016).According to Subasic and Berendt (2011) news sharing is among the most
important reasonfor using Twitter, and due to theidely-adoptedretweet feature, and
the use of hashtags, news speesd Twitter in a very fast rate. Subasic and Berendt
(2011) foundt h at u s ia Mmwitter focus loreeportingnewsand commenting on
news.While the types of news posted in Twitiery from serious news events to movie
and celebrities’ news, in this research we

2.1.1 Financial news. The increasing activity of news reporting in social media
has influenced the financial investment community. Researchers have investigated the

relationship between social media activity and market prioesnprove investment



strategies (Yang & Mo2016). Karkulahti, Pivovarova, Du, Kangasharju, and Yang Arber
(2016) studied the relationship between news, social media and stock prices. They
measured social media presence by counting Wikipedia page hits. The study used online
business news sourcesdaapplied Information Extraction (IE) to onlimews articles

and then used the extractextities to compose queries to fetch information from Twitter
using the product or company namé&he study presented a visual analysis of
correspondence between Wikdia views, news and stock prices. The results showed a
correlation between the mentions of the company in the online news source and the views
of the company’s Wi kipedia page and a | es:
prices. Ruan Alfantoukh and Durresi (2015) used Twitter data to monitor stock price
change and trade volume. They created a trust network of Twitter users, using the
followers of the Financialimes Twitter account. The trust network was built by using

the interaction between tbe users and the sentiment in their messages. The study found
that trade volumavas more correlated than the daily price changi@ tweets and the

trust network approach improvededicting trade volume.

2.1.2 Disaster news.Disaster news shared in social dige gained special
attention from researchers due to the potential of social media in assisting affected people
during these disastrowstuatiors. The realtime natureof these events addition to the
wide use of Twittehascontributed to the fast s@ding of newsvens. The advances of
smart phonesand the availability of location serviceallow eye withessedo share
picturesfrom the physical locations of these everand to repotthe locations oaffected
people Stollberg and Groeve (2012) gented a Twitter parser to capture and analyze

tweets to support the work of the Global Disaster Alert and Coordination System



(GDACS). Information gathered from Twitter about disasteas been shown taid in
identifying side effed suchas collapsing liildings. Additionally, the fast response of
Twitter users affected by the disaster, which sometimes come before news media, allows
emergency responders to act promptly, according to Stollberg and Groeve (2012). The
study analyzed Twitter data containinghe wor d “earthquake” fror
2011 until the middle of January 2012. They found threekgeof heavy activity
coincidingwith three earthquakeblathappened in that perio@oriumi and Baba (2016)
devised a redime tweetclusteringmetiod to find and classifytweetsquickly in disaster
situations The methodvasbased on retweetssingnetwork clustering methogdandthe
resultswere clusteredoy time and by keywords. The dataset used forgtuelyconsists of
approximately30 million tweets posted from March™5to 24" of 2011. This period
includedthe Great Eastern Japan Earthquake that took place on Mdfcl2aml. The

results showed that the systarould cluster tweets by i ¢ t requigements, such as
shelters, rscues and trainchedules.

2.1.3 Politics news Soon after Twitter’ s | aunch i
startedusing Twitter to support or critize politics around the world.dF example,
Obama’s presidenti al campaign in 2008, t h
during the Arab Spring in 2010 and 2011 (Jungherr, 2088ine esearchn the political
domainhas beefflocusedonthe idea of using Twitter data to investigate political debates,
using frameworks for sentiment analysis and friend recommendati@i, Boso, Patti
andVirone (2015)used Twitter data to analyze debaébsutpolitical reformin France
wherepublic opinionwas usedo leadchange andffectdecisionsThe research goalas

to investigate the different aspects of communicatiohviftter, which would be used for



sentiment analysis for French tweeffo collect the data,they used the main
hashtag/slogan of the politic@ampaignfrom December 20100 July 2013 They
collected data from three different sources, Twitter, a French newspaper and
parliamentary debateShe study analyzethe lifeline of the hashtag, i.ewhere was the
hashtag firstcreated, howdid the community accept ignd how didit spreadthrough
Twitter. They alsocomparé public opinionextracted from Twitteto what formalmedia
announcd. They foundthat the hashtagdquency in tweets was influencby the news
announced and sharagdother media like newspaper, and parliamentary debates.

Cuesta, Barrero and-Roreno (2013) analyzed Spanish tweettated to the
Bostonterror attack gathered during one weiekm April 16 to April 23, 2013 The goal
of the study was to characterize the tweeting activity generated by the Sgpeasing
community. The study found that duritiys event theetweetfrequency wa high abaut
44%, compared to repliesf 5%. From theseesultsthey concluded that users did not use
Twitter as a communication tool, but rather to broadcast messages or breaking news.

Elghazaly Mohmoud and Hefny (2016used Twitter data to compare the
performance of two classic classifiers, Support Vector Maclii¢M), and Naive Byes
(NB) in performingpolitical sentiment analysis for Arabic tweeiBhe tweets analyzed
were collected during the presidential elections in Edsgrn March ' to June 2%,
2012 The study employed supervised learning approabley found thalNB classifier
performedbetter for the political data analyzéthn SVM

2.1.4 Sports news.Sport evems are widely shared in TwitteraRs share their
comments andeactions tolive games bradcaston television Ineson and Anderson

(2016) investigated the motas behind using social media in sportgnd found the

10



motivations are: fandom, entertainment and to obtain information. The study also found
that peoplausal social media when criticiag cluls and athletes.

Seron, Zorzal, Quiles, Basgalupp and Breve (2015) conducted a descriptive
statistics analysis to 8 million tweets about World Cup 2014. The analysis included the
most common languages, countries, users and hashtagstudy illugrated the number
of tweets generated by each country in a map as showigume 2-1. The studyfound
that English was the most common language, even théheglevent was in Brazil. The
study reported that irhé day before thep@ning ceremonwg high activityin twitter was
witnessedwherealmost all countries around the world took part iatilieeting activity.

The study showed that the distribution of tweets per uskowled a power law
distribution, i.e., most of the tweetsvere generated by a small number of users, while

most users generated few tweets

top 10

tweets per country

Country Score
United States 36.303
Brazil 28.421
United Kingdom 23.572
Indonesia 3.998
Canada 3.678
Malaysia 3.125
South Africa 2.659
India 2.545
Saudi Arabia 2.407
France 1.769
Others 38.163

Number of tweets with location 146.640

Figure 2-1 Top 10 countriestweeted about World Cup 2014 Seronet al.,2015
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2.2 Information Propagation

2.2.1 Social network analysis A social network such as Twitter can be
modeled as a directed gra@h= (V, B), such thavV is the set of vertices arktlis the set
of edges, an€E / V x V. A vertex or a nodel represents an individual in the social
network, and an arcu( V) indicaes a relationship betweem and v. Information
propagation or information diffusion is the process of spreading a piece of information
from a user to another in a social network. Information propagation is associated with
discrete time steps = 1 , A nddev iR aasocial graph is either active or inactive,
active indicates that the user adopted the new information, and inactive indicates that the
user did not adopt the new information (Chen, Lakshmanan & Castillo, 2048k et
al., (2010) investigad the topological characteristics and information diffusion in
Twitter. They crawled the whole Twitter website in the period of Jih® @une 3%in
2009. They analyzk Twitter social network including, following patterns, reciprocity,
usersrank homophily, and the impact of retweetn the spread of new$hey foundthat
the follower-following topology dd not follow a poweflaw distribution, andhad low
reciprocity. Regarding homophily, they found that the median time zone difference
between userand friends increaskas the number dfiendsincreasd, i.e., users with 50
friends or less tatheir friends within 107 hours difference in time zone, while users
with 5000 friends or mordnavetheir friends within 6 hours difference.

Louni and Sabbakshmi (2014) divided models of information propagation into
three modelsthe contagion model, the social influence model and the social learning
model. The contagion model treats information propagatmom@ manner similar to

contagious diseases sprempdamong a population. The social influence model is similar

12



to the contagion model with a slight difference; the user receiving the information will
adopt it only ifthe number ofisers in the network adopting that piece of information are
above a certaithreshold. In the social learning model users dewitletherto adopt a
piece of information based on the outcomes of prior adopters.

The spread of information in social netwstias beermronsidered also astgpe of
diffusion of innovation (Gruhl, Guhaliben-Nowell and Tomkins, 2004), which is
defined as the spread of new ideas, practices, and technologies among users in a network.
The theory behind diffusion of innovation is based on sociology research to establish
basic methods to study the spreadrdbimation within a social group, as well as the
factors that facilitate or hinder the flow of information (Easley & Kleinberg, 2010).
Information cascadiss a model of diffusiorof innovation (Chen et al., 2013asley and
Kl einberg, ( 2rohdtién)cascadeahasetiee ,potehtial o owcur when people
make decisions sequentially, with later people watching the actions of earlier people and
from these actions inferring something about what the earlier pkople w” . Gr uhl e
(2004) employed an farmation cascade model to study topic propagation in weblogs,
i.e., the transmission of a topic from bloghiog based on the text of the post rather than
links shared in the post. The study used a dataset of 401,021vgustswere analyzed
to find topics shared in the blog space and their paths through individitssbpics
were divided into three categorieshatter ¢laily normal topics exchanged between
bloggers$, spike,(a topic of global interest like world nejysand a mix of chatter and
spike. The study showed how topics in these different categories are distributed in the
period of one yearThe study also found thahatter and spike topics exhibited different

patterns, and most spike topics lasted froffD3lays.
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2.2.2 News propagation inTwitter . Researchers have also studiemv news
spread in social media and in Twitter in particuldo answerguestions such as, which
nodes are nsiinfluential (Gabielkoy 2016) andhow messages traviel the networkYe
and Wu (2010) analyzed the propagatfatterns in tweets during breaking news. They
colleced more than 58,000,000 tweetbout Michel Jacksonsleath. Theymeasured
how many hopsa messagevas propagated, how fast, and how long it lasted by
constructing propagation trees where each tasistal of a message and its replies.
Each treavas consideredo bea message flow, and the collection of all trees repredent
all the different paths the message todkey found that in normal days, 3@ of the
messages propagated more than three hopy &om the first tweeter, 75% of replies
happened within 16 minutes, and 75% of message flows lasted less than ahhbkgur.
alsofound a large spiken the day of the memorial service atitht tweets continued
steadily between day 16 and day 60, whichansethat breaking news sometimesdast
longer and does not vanish quicklyTrung, Jung, Lee and Kim (2013) created
TweetScope to collect and monitor Twitter data in order to capture propagation patterns.
The study's goal was to understand propagationrpatie order @ optimize business
strategiesThey collected dat&om Twitter accounts of three major telecommunication
companies in Koreaver a period of 4months from March16" to October 3, 2012
One of the study's finding indicated that the nresiveeted posts were for promotiawfs
goods and serviceZzhou, Bandari, Kong, Qianand Roychowdhury2010) studied
message propagation on Twitter by analyzing message shatatgd tothe Iranian
election in 2009. They gathered and analyzed morettiraemillion tweets in the period

of two months. They found that 99% of message floweshad depth less than 3, and
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63.7% of retweeted messages were from users the retweeters followed directly. They also
found that the retweet probability dependedvheal vy o n t w8hattatharyaamant e n't
Ram (2012) studied the propagation patterns from twelve recognized newsssource
Twitter, such as th&BC andthe New York Times. They employed network analysis and
visualization techniques to compare the twehe&ws sources in terms of the extent of
articles spread, the rate of spread, and the life spameets related tarticles. The study
illustrated the spreadising graphs,with the number of nodesdges diameterand
edge/node ratio for each of the twelsources. The study found that BBCdHhe
maximum spread and longd#espanof the twelve news sources

2.2.3 Geographic information propagation in Twitter. The geographic
propertiesof users ina social networkhave been found to bmportant in the discigson
of a news evest(Agrawal Budak, El Abbadi, Georgiou, & Yan, 2014he Internet and
social networksallow a user to connect to other useegardless of the physical distance
between them. However, distant@nguage, country and the numberatfplaneflights
between the different locations haveen shown to hawen influence on the forman of
Twitter ties (Takhteyev et al2011).Consequently, information propagation in Twitter
influenced by the proximity of uséwcations.Geographic inforration propagation is an
emergingresearch area, due to tgeowing use of mobile devies and location aware
services. @ographic information propagatioasearches askue st i ons such as
extent does the geographic distribution of friendship netsvoslfect where the

information wil|l b €Limp & Musalesi,i2@lR)l v propagat ed
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Figure 2-2 Message propagation patterr(Li et al., 2013)

Li et al. (2013) investigated and evaluated informatioopagation in Plurk, a
microblogging service. The study considered the number of people influenced, the speed
of propagation and the geographic distance of the propagatienstudy illustrated how
the propagation of messages were monitored and presamtadvorld mapFigure 2-2
presents an example, where the marks on the map appear in the order they were posted.
The method used in the study depended on constructing propagation trees, with the
original poster as the root efichtree and the rposters and repliers as children nodes.
They also created a framework to evaluatérmation diffusion models, predict

propagation rows, and find influential users. Lima and Musolesi (2012) presented
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information diffusion metrics to céyre and measure geographic importance and
centrality of users in specific geographic and social network. They evaluated their metrics
using data from Twitter and Foursquare. The method used combined geographic
information to traditional centrality meassrd.e., indegree, odegree, closeness and
betweennesso develop spatial closeness centrality. These meteos used in the study
to depict spatial closeness centrality of Twitter users in London and San Francisco.
Vosecky, JiangandNg (2013)develgpedan interactive system for modeling geographic
uses interes$s. The proposed system emmdycontent analysis to extrageographical
information and topicsf interest from a Twitter usdary examininghe user tweets. The
system differentiatetbetwe=n the usér snentioned locations andsied locations, and
displayedboth locations on an interactive mdainally, the system recommendé¢iree
news lists for the usethe firstlist included top news stories from the usegegion the
secondist includedtopicsof interest to the uséromar eas around the wuse
the third list included news some related to the user location and some related to her
interests

Research methodologiéave also been applied itovestigae geographic features
in social mediausing geographic measures and content analygen Liere, (2010)
defined the geographic distance a message &@wela social network as the distance
between the sender and the receiver in kilometers. He also defined geographic
infformai on di ffusion pattern as “the distribu
sender and the receiver”. Li et al. (2013)
the root (sender) to the usebsth directly and indirectly. To calculate the distamc

between two users in twitter, geographic locatimvese obtaired from their profiles, and
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theirlocation informatiom wasgeocodedi.e., the longitude and latitude of the location (Li
et al., 2013)Van Liere (2010) studied information propagation in ffeviand define
three possible propagation pati®r random, local and information brokerage. He used
retweets as a measure for propagation, and showed that the random pdtéeumifiarm
distribution, the local patterwas left skewed,i.e., the geogrphic distances between
sender and receiver are short. The last patbeformation brokeragéollowed users with
similar interestsandthis patternwasright skewed. The study concluded that a retweeter
(information broker)transferredinformation and aed as bridge betweethe othertwo
distinct groups.

2.3 Modeling User Behavior

Twitter data provide a wealth of information about user behavior during various
typesof events.Twitter hasa unique network structure, unlike regular social networks
where linksare reciprocal in mosof the cases.Twitter includes a large number of
unidirectional ties. For instance, news mealitletsand celebrities accounts are followed
by thousands,but they do not necessarily follow back their followers. Thus,
understandinghe influence of usersin such a network cannot refolely on network
structure,and thebehavior of usersnustbe considereénd analyzedBogdanov et al.,
2014).

User behavior modeling in social networkses been studiedy a number of
different method Analytic approachesdealing with user behavior modelinghave
included trend analysisand opinion mining among other methodsTrend analysis
involves identifying how important a topic igjpically usingaccumulated interest in the

topic, for instance amting YouTube video vies/(Agrawal et al., 2014)Yime, location,
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demographics and opiniorse elements thahat have been considered alomigh trend
analysisto understandthercharacteristic®f user behaviofAgrawal et al., 2014)User
behavior mdelinghas been used mreassuch as discovering influential users, providing
recommendatiofYeung & lwata, 2011 )building users profiles (Macskassy & Matthew,
2011) andpredictingnewinformationspread Bogdanowet al.,2014).

Combining geographic ad news type dimensiongith user behaviois an area
that has not beesdequately addressed in the literatimethis thesiswe study and model
user behaviom Twitter in terms ofthree common behaviorppstingoriginal twees vs
retwees, usinghashags andisinglinks.

2.3.1 Retweet Retweet behaviohas been shown to ke prevalentmessage
spreading mechanism. M¢n a user retweeta post, it becanes visible to all her
followers,who canin turnretweet the posindthus people see posbf usesthey  not
follow directly. According toOta, Maruyama and Tera@2012) usergeceivinga retweet
from a fiendwere likely to beinterested in theontentsof the tweet, so retweeteuldbe
consideredas afibarometed of interess. Additionally, interestingtweets get many
retweets, s@retweeted post can loensidered &iltered post Retweetbehaviorhas been
extensively studied by research&y improve friend recommendatiotefine propagation
paths andilter contents.

Retweets have beenwidely adoptel in disaster situationsFor instance
communicationbetweenthe government ofJapanand people duringhe of nuclear
radiationleakagedisasterthat took placeafter the Fukushima earthquake 2011 was
conductedargelythroughTwitter andby means ofetweets in particulafLi, Vishwanath

& Rao, 2014) Ther study collected retweets using keyword sea€in the month
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following the earthquake, and conducted content aesilgscategorize tweets into one of
the four categoriesalarm, assurance, doubt agdvernment. Results showed that the
most retweeted messagasre in thealarmcategory The study also found thegtweeted
messages differed dramaticaflpm what newspapsrand television broadcastwhere
the lattercontained more reassuring messagds)e Twitter messages contained more
alarm. Toriumi and Baba (2016)sed retweets aa filtering mechanismfor reattime
tweet retrievaln disaster eventd'hey analyzed®4,000tweetsthat wereretweeted more
than 100 timegach Results showed that thetweetbased methodsere well suited for
quick tweet retrievalin disaster situationsKogan, Palin and Anderson (2015)
investigated thereationof new relationships between users during disaster events, and
how the behavior opeopleaffectedby the dsasterdiffer from other users. They applied
the analysis to Twitter data collected duribgirricane Sandy. The study found that
people form dense interconnected retweet networks during disaster evensshighd
proportion oftheretweets were retweetdém 10 to 80 times.

Kwak et al (2010)found that peopled information in Twitter not only from the
people they followed but also by retweetsThey counted the number of additional
recipients of a tweet who are not direct followers of the originaétywester. They found
that the average number of additional recipiemés a 100Q and this numbewas not
affected by the number of the followers of the original tweet poster. They constructed
retweet trees in order to discover how far and deep retwemte m Twitter, and they
found that most retweet trees have a height smaller thaard @ipto a maximum of 11.
Additionally, the studyinvestigated howast retweets started and how long they lasted,

andfoundthat 50% of retweets occur in the first hoamd 75% within a day.
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2.3.2 Hashtagsusein Twitter . Social media usersreate hashtags in order to
form group discussins abouta certain topic, evenbr product. Hashtags allow users to
find trendingtopics join discussiog and spreadrelated hashtag inforation to their
followers (Lai et al., 2015)Hashtagrelated research has been widely conducted due to
their large use not only in Twitter but in many other social media platforms such as
Facebook and GoogleMéity et al., 201% Researchensavestudiedhashtags tanalyze
adoption rate, predict popularity (Maity et al., 2016), analyze propagation patterns (Wang
& Zheng 2014), provide recommendatio8hi et al., 201pandto model user behavior
(Bogdanov et al., 2014).

Bogdanov et al. (2014) studied tospecific user behaviormnd introducd a
model named genotype, which represents a summary of user interests, activity and
susceptibility to adopt new ideas. The study analy#d million tweetsand 42 million
users and categorized the tweets by hashitagfo 5 different categoripsusiness,
celebrities, politics, science/technology, and sports. The study showed that user behavior
remains constant within the same topic. The study also fthatgolitics hasmany more
hashtags than the other categories.

Wang andZheng (2014) analyzed the basic properties of hashtag diffusion in
Twitter, including tweetspreading speed, retweet ratio, duration of tweets containing the
hashtag and temporal patterns. Temporal patterns included single spike and fluctuation
patterrs. Single spike patternsccurwhen a hashtag appears suddenlyianged heavily
in a short period of time. Fluctuation patteturwhen a hashtag is used moderately
for a long period of time. The study found that both pattern have the sapslisg

speed, however single spike pattern has a larger retweet ratio, but lower duration.
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Xu, Chiu, Chen and Mukherjee (2014) examined healthcare topics shared in
Twitter using hashtags. They conductedeatensivesocial network analysis on a dataset
of tweets using 14 common healthcare hashtags over the period of two mdrerethe
selection of the hashtags was guided by the Healthcare Hashtag Prbgctidalthcare
Hashtag Project, 2014The study found that the most common theme of healthcare
conversationwas knowledge sharing, and the second common theaseaction, which
involves conversation about activism, advocacy and promotion. The study also presented
a visualization of thevhole conversation network, the different roles people took in the
conversation and the number of participants associated with eaclBogl@danov et al.
(2014) examinedhie consistency of Twitter usarterests, by examining hashtags shared
in 5 different news types. Then, they used this model of user behavior totpredic
influencers and early adaptafnew topics.

2.3.3 Link sharing in Twitter. Sharing links isamong themost common
behaviorsof Twitter usersLinks allow users to congmentTwitter short messagewith
extra contenténcluding websitesimagesand videosLink related researchasvestigate
link usage properties (Antoniades et al., 20139pam and security issue$Cao &
Caverlee, 2014

Nizam, Watters and Gruzd (2014) studied the characteristics of links shared in
Twitter in order to improve website navigan. They analyzed 264,647 tweets for four
events that have official websites, two of the evevae related to sports, and the other
two were related to entertainment. Among the characteristics analyzed in thevgtudy,
the percentages of tweets contag links, uniqueness of links, top 10 links, depth of

links from the official website, and the type of contents shared in those links. The study
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found that 2547% of tweets contained links, and the number of links shaasaffected
by the type of theevent and the characteristics of the official websi@hristodoulou,
Georgiou and Pallis2012 tracked the diffusion of YouTube videos in Twitter. They
measured the likelihood of a user retweeting a video by analyzing a million tweets
containing YouTubevideo links. They concluded that the retweet functionality has an
influence on the diffusion of YouTube videos. They also found that social cascading has
an impact on tweeters navigation behavior. iRstance peopleweremore influencedy
friends who &o followed them,i.e., they share mutual friendship. Another study (Hu et
al., 2012) examinetinks shared in tweets during Osama Bin Laden death, and found that
9% of the tweets contained links, aofithe links sharefd65% came from official news
accounts such as CNN, NY Times and Reuters, while 35% of links were user generated
contents such as YouTube and Tumblr. They also concluded that the event of Osama Bin
Laden death was reported in Twitter 21 minutes before m&ahannels announced

In this chapterrelated areas to this thesigere introduced.These areasan be
summarized as follows, investigating different types of neMated tweets, and
modeling user behavior by analyzing originals, retweets, hashtags andidedksn the
different types of news tweetsSome of he findings presented in the literature overlap

with some of oufindings, whch will bediscusgdin chaptes 5 ands.
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Chapter 3 Preliminary Study

Social mediaarea significant reflection of real world events (Shuai, Lui, Xia, Wu
& Guo, 2014)from political tosportsto entertainmenevents Sports evestare one of
the most engaging events shared in social mediaelmttial part of the research study
two sports datasets were analyaschn exploratory stejo gain a better werstanding of
tweetirg behavior during such eveni&his chapter outlines this study and conchaéh
recommendatiosmiand motivations for the next part of the study.
3.1 Objective

The main goalof this thesisis to compare tweeting activitground the wod
amongdifferent types of news eventds a preliminary step, two sports datasetye
studiedand modeled. The objective thiis preliminary studywasto betterunderstand the
characteristics of tweets related to sports tszeModeling the datasets gt with
profiling the tweets in the two datasets, examining retweets, geographic features, links
and hashtagd.his studyprovidedthe basis fothe second larggrhase of theesearchby
providing insight on the various aspects of processing and amglyeivsrelated tweets.
3.2 Research Question

Theresearch question for this part of the stu@s
RQ: Does user participationaround the world duringwo similar sports evenbhave
similar characteristg? In order to answethis question a series of sgjpestiors were
posed

1. What is the number of users, locations, retweets, and density in each dataset?
2. How do users use links during these sports event?

3. How do users use hashtags during the events?
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3.3 Datasets

The datasets used in this studgre a set of twets collected during the 2013
World Junior Ice Hockey Championshignd curling events 2014 winter Qympics
created by Nizamand Watters (2014). The datasetas created originally fora link
analysis research studyor this study, only some of twitterfields areused;tweet text,
time stamp, userame, id, location and time zonkocation informationwas missing
from the datasets arttierefore further processing was needed to ohtaérslocatiors
and time zongfrom Twitter. An example of tweets aft@btaining the location fields is
shown inFigure3-2.

Geocoding was applied to the location field, which meant obtaining longitude and
latitude of a location via a mapping service, such as MapQuest or Google Maps. In tweets
where the user had no location or the name of the locatiomeatagcognizedby the
geocoderthe tweet was eliminated from the dataset. The geocoding was achieved using
Google geocoding API. Examples of final tweets after adding longitude and latitude are
presented inFigure 3-1. The total counts of tweets in each dataset before and after

geocoding are presentedTiable3-1.

Ice Hockey Curling

No. tweets before geocoding 1809 14047
No. tweets After geocoding 1277 (71%) 9535 (68%)

Table 3-1 Number of tweets before and after geocoding
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3.4 Methodology
The research methodology uskedthis studywas quantitative, in particular, tweets

from both datasetsvere profiled to examinetheir spread betve: people and across

locations. For each dataséb model its spread throughwitter, we examinedthe
following:

1. The number of different users involvetthe higher thenumberof usersthe more
spread andice versa.

2. The rumber of different locations in\wed, defined bythelocation information.

3. The retweet ratip which is the percentage of posts thare retweets.The retweet
ratiowasused as an indicator of spread.

4. The dstance of the news spread, which is the distance betweegetigraphic
location the story took placandthe farthest point it reache@he user location field
provideda name of a city or country; location informatisasthen used tdind the
longitude and latitudeThe dstance was calculated by applying theHaversine
formula which is a mathematical formula that calculates the distance between two
points given their longitudes and latitud®&n Liere, 2010).

5. The censity of the spread, which is the number of twéeta predefined radius of
origin, for instance 10, 100, or 10@Dometers, divided by the total number of tweets.
For our purposea density of 0.8vashigh, and a density O\8asconsidered low. For
each news story and for each post the distance between the user location and the
origin was obtained, then the numbef posts within the predefined distance or less
wascounted, andlivided bythe total number of posts.

6. The number of posts with links.
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7. The rumber of unique linkgcluded.
8. The rumber of retweets with links.
9. The bp 10 hashtags used with the event.
10. Percentge of posts containing one or more of the top 10 hashtags.
11.Top 10 locations with posts that used the top 10 hashtags.
3.5 Results

The result of profiling the tweets to obtain general characteristics from both
dataset is presented irTable 3-2. The use of retwees varied between the datasets
hockey (46%) and curling (37%).There were more nique uses with curling event
(85%) perhapsndicating wider population participating in the tweeting activdy an
Olympic event Similarly, number of unique locations is greater with the curling event
(35%) vs hockey (29%)Maximum distance in both datasets were close. However,
density exhibiteddifferent patternsThe maximunpercentagef tweets(85%) occurred
within 9,000 KM radius with tB hockey event, this distance included mainly North
American locations. In the curling event, the maximum number of tweets occurred (30%)
within 12,000 KM radius, again this distance included USA and Canada, however, within
9,000 KM, and 6,000KM a little less ratios were reported (28%)and (26%) these
distancesincluded UK and other Europeasountries. This finding indicates that the

curling event had a wider interest than the hockey event.
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Characteristic

IIHF 7 Ufa, Russia

Curling 7 Sochi,
Russia

% Retweet

Unique users/ total

46%

703/ 1277 (55%)

37%

8,066/ 9535 (85%)

Unique locations/ total locations 330/ 1154 (29%) 2,634/7519 (35%)
West Coast, New

Maximum distance km. Zealand 15,260 Chile 16,696
Density the number of tweets in ranges (k) o A0k O 0 10%, 26%, 28%,
3000, 6000, 9000, 12000 2%, 4%, %85, 8% 309,

Table 3-2 Basic characteristicsof the two sports datasets

Table3-3 presents the results lifik analysis for thesports datasets. Similar ratios
of uniquelinks shared in both dataseteockey (47%) andaurling (48%).Curling had
larger ratios of posts witlinks and retweets witlinks. Thismaybe due to the difference

of scale between the two events.

Characteristic IIHF i Ufa, Russia Curling 7 Sochi, Russia
Posts withLinks 388 (30%) 3201 (34%)

% Retweets withLinks 51% 66%

Unique Link s 183 (47%) 1551 (48%)

Table 3-3 URL characteristics of the two sports datasets

IIHF 1 Ufa, Russia | Count | Curling i Sochi, Russia| Count

#2013WJC 1162 | #Sochi2014 8039
#2013wjc* 77 #curling 2402
#Flames 60 #sochi2014 1031
#TeamCanada 59 #Curling 883
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#TSN 55 #lovecurling 830

#TSNs 50 #TeamGB' 250
#TeamUSA 37 #Olympics* 240
#Habs 24 #WeAreWinter 225
#Canada 21 #Biathlon 175
#OHL 21 #lceHockey 174

Table3-4 presents the top 10 hashtags used in each event, and the frequencies of hashtags
in the tweets. The hashtags marked with an asterisk uged in the keyword search. The
top 10 hashtagssed in both events wetiee most related, where in the bottom of the list
of all hashtags many irrelevant hashtags amuedihis may indicate the importance on

focusing on the top 1Bashtagsvhen analying user behavior by using hashtags.

IIHF 1 Ufa, Russia | Count | Curling i Sochi, Russia| Count

#2013WJC 1162 | #Sochi2014 8039
#2013wjc* 77 #curling 2402
#Flames 60 #sochi2014 1031
#TeamCanada 59 #Curling 883
#TSN 55 #lovecurling 830
#TSNs 50 #TeamGB' 250
#TeamUSA 37 #Olympics* 240
#Habs 24 #WeAreWinter 225
#Canada 21 #Biathlon 175
#OHL 21 #lceHockey 174

Table 3-4 Hashtags characteristicof the two sports datasets

IIHF 1 Ufa, Russia | Count | Curling i Sochi, Russia| Count

Calgary, AB 150 London, UK 407
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Toronto, ON 124 Toronto, ON 323

North Liberty, IA 81 Canada 216
London ON 56 United Kingdom 171
Canada 53 New York, NY 163
Rochester, NY 40 Winnipeg, MB 159
New Jersey 32 Edinburgh, UK 133
Ottawa, ON 22 Zaragoza, Spain 105
Vancouver, BC 20 Ottawa, ON 100
Massachusetts 19 Scotland, UK 91

Table3-5 presents the top 10 countries that used any of the top 10 hashtags in each sport
event.In the hockey even€Calgary was the location with the largest hashtag. use

curling event UK was the location with the most tweet with hashfélge haktags
analysis exhibited a refléon of u s e actvity during the events, where the analysis
revealedwhich countryparticipated moreThis finding would guide further investigation

about the reasorend factor behinduch behaviorFor instance, the hockey event was

held in Russia, and Russia team patrticipated in the games, however Russia did not appear
in the top 10 countriednvestigating such case, would provide information about social

media adoption in Russia.

IIHF 1 Ufa, Russia | Count | Curling i Sochi, Russia| Count

Calgary, AB 150 London, UK 407
Toronto, ON 124 Toronto, ON 323
North Liberty, IA 81 Canada 216
London ON 56 United Kingdom 171
Canada 53 New York, NY 163
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Rochester, NY 40 Winnipeg, MB 159

New Jersey 32 Edinburgh, UK 133
Ottawa, ON 22 Zaragoza, Spain 105
Vancouver, BC 20 Ottawa, ON 100
Massachusetts 19 Scotland, UK 91

Table 3-5 Top 10 countries in hashtags use

3.6 Limitations

The two datasets variad size considerablywhich might affect the accuracy of
the result.The hashtagsvere used in the keyword search to create the datasets, which
influenced theesult of the number of popular hashtags.
3.7 Conclusionand Recommendations

While the size and global perspective of the data sets are different, the profiles are
quite similar except for the number of unique uspescent ofretweets, and the density
(tweets by distance). The pattern of location in Tweets with hashtags exhibits Zipf
characteristics while the use of locations is morealinie both sets. Sports is considered a
type of entertainment news# the next phase of the studye would explore these
characteristicsn other large social media datds frommore traditionaltypes of news,
specifically natural events and top news stories leading to the development of profiles that
can be used to inform guidelindhe characteristic we found interegfito investigate in
the next phase are retweets, links, hashtags and the distribution of the usage of these

features among countries and news types.
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Chapter 4 Research Methodology

According toCreswell (2009) quantitative approastare best for problems that
cdls for identification of factors that influence or predict an outcome.n@Quasive
researchexaminesthe relationships among variablesh€éBe variables can be measured
computationally for instanceby SQL queries then the results can be statistically
aralyzed.By taking into consideration bigsrevention findings can be generalized and
replicated (Creswell, 2009A quantitativeanalysis istypically retrospectiveand starts
with dataset that hare been collectedn advance of the studymran, Castillg Diaz, &
Vieweg, 201%. In this phase of the research study three types of news stories were
examined.

Newseventshavedifferentlevels of geographical interegissome eventattract
the attention ofthe whole world while other concern asmall populéion. The
participation of users in Twitter in response to an event is influenced by their geographic
proximity and whether they are directly affected by the evéot. example the
Malaysian airplane crash took place 46814 was a event thatall world navs media
reported, howevethe crashthasmoredirect impact on Malaysia and its peogie.order
to compare geographic featurags newsrelated tweets, th@ews stories mustbear a
globd interestas far as possiblgherdore the types selected for osudy are world
politics, disaster, and financé this study, politics categorgefersto social disaster
stories thathave a political impact.In the following sections data collectipmanalysis,

assumptions and problems faced puesented
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4.1 Datases

Sampling Twitter can be achieddy using two basic methods, the search APl and
the streaming API. The maximum number of tweets returned by any of these services
does not exceed 1% of all twee{(dwitter.com,2015) However, a comparative study
(Wang, Callan& Zheng, 2015) comparing the streaming API sample to a complete
sample showed that the streaming APl sampilgntaired enough information for
research concerning general Twitter statistics, semiranalysis, and user activity

Data collection and prepation proceskor this researclvas done by applying the
ETL (ExtractTransformLoad) approach(Ji et.al, 2015) The extract step starteay
collecting the data from Twitter Streaming APl in JSON format (JavaScript Object
Notation), which is a format rdable by huran and easily parsed by machifée
transform stepvasachieved by parsing fields of interest into 8\C(Comma Separated
Value) file. Lastly, the load stepvas accomplished byparsing the SV file into a
relational databastr querying and @alysis.The overall dataset preparatipnocess is
shownin Figure 4-1, and inthe following sulsectios the details ofthis process are

explained
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Get sample files for
each story- JSON
format

42 JSON files
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6 Geocoded stories J
/

Store in relational
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Figure 4-1 Dataset preparation process
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4.1.1 News stories selection. News sources are not consistent in their
categoriation of news, whereategories differ from onmedia outletto the other For
instance CNN categorize news by country and by news type. The first category (country)
includesUSA and Canada, Africa, Asia, Eye, Latin America, Middle East, and the
secondcategory (news type) includdgusiness, Entertainment, and TechnoloBiC
usesnews, sport, weather, shop, earth, trawath subcategoriesworld, UK, business,
tech, science, entertainment and &ne New York Timesusesworld, U.S. politics, N.Y.,
business, opinion, tech, science, health, sports, arts, style, food, travel, and reaA estate.
study of news trends diffusion (Lima & Musolesi 2012) used the categories art, disaster,
science, sports and technology

News channalbroadcast a large numbef different stories from different news
types daily, however not all news stories motivate social media users to post and
comment.During some events the tweeting and retweeting activity between social media
users increase significantlyn{ran et al., 204). Tweeting may benitiated for many
reasonswhichmaybe endogenousr exogenous. Endogenotrendsoccur wherpopular
ideas spread widely by viral contagion or information cascksegenoustrendsare
associated with reatorld events, such as emengies and earthquakes.

For purposes of this researthe selection of stories was limited tbe ones that
were associated withxegenouscauses. Additionally,ni order tofind enough tweets in
the 1% sample of tweetavailable to the stugythe eventhad tobe important and
significant enoughto trigger social media users to tweet and retweet generating huge
amounts of tweetsThe typesof news that fit this profile and chosen for this research

werg finance disaster angbolitics. We searched for twéeabout stories from tbe news
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categories that took place in 2015, then we selected stories that return enough posts (>
10,000)

The two stories chosen for political new®re the shooting in Charlie Hebdo
magazine office in Paris, and the story of ttenage boy who was arrested in a Texas
high school for inventing a clock that his teacher mistakenly thought it \wasb. For
financial news the stories chosemrre the Chinese stock market fall causing disturbance
in shares market around the worlddathe story of the automaker Volkswagen, which
was accused for manipulating pollution control systems so thaiiis low levels of
pollutant during emission tests. The storsetectedfor disaster were the Germanwings
airplane crashan airbuscrashedn French Alps killing 150 people, and Nepal earthquake
of 7.8 magnitude that killed over,0D0 people.Stories as appeared in officiabws

websitesare presented iRigure4-2.
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Figure 4-2 News stories selected
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4.1.2 Sampling. The sample used was collectddom the streaming API by
DNLP, Dalhousie Natural Language Processing research gubigh consised of a
collection of tweets collected during 2014 and 2015, and organized by ddys an
categories, such as finance, auto, retail and sa(gpleeral)lamong othercategoriesas

shown inFigure4-3.

El retail 2015 06 24.ppmd 24-Jun-2015 23:11 BE5M
Z retail 2015 06 25.ppmd 25-Jun-2015 23:15 B63M
Z retail 2015 06 26.ppmd 26-Jun-2015 23:28 BE6TH
Z_ retail 2015 06 27.ppmd 27=-Jun-2015 23:11 B42M
_z retail 2015 06 28.ppmd 29-Jun-2015 02:51 B41M
__z retail 2015 06 29.ppmd 29-Jun-2015 23:02 7T3IEM
3 sample 2015 01 01.ppmd 01-Jan-2015 22:52 1.0G
3 sample 2015 01 02.ppmd 02-Jan-2015 23:04 1.0G
Z sample 2015 01 03.ppmd 03-Jan-2015 23:03 1.0G
Z sample 2015 01 04.ppmd 04-Jan-2015 23:11 1.06G
z sample 2015 01 05.ppmd 05-Jan-2015 23:11 1.0G
.Z sample 2015 01 06.ppmd 06-Jan-2015 22:54 1.0G
_ﬁ sample 2015 01 07.ppmd 07-Jan-2015 23:18 1.0G
ﬂ sample 2015 01 08.ppmd 08-Jan-2015 23:15 1.0G
; sample 2015 01 09.ppmd 09-Jan-2015 23:13 1.06

Figure 4-3: Raw dataset files organized by days anby categories

All the six stories selected took place in 2015, #melcategories utilizedvere
sample, finance and autbor each news story, tweets wedlectedfor a #day period,
starting at the day the event took place. We cheseedk period becausaccordingto
observatiorstatedby Kwak et al. (2010)tweeting activity for most trending topics last

for a week or lessA total of 42compressed files were downloaded and extracted, seven
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for each datasehNext keyword seara@swereapplied to find related twéefor each news

story. Table4-1, Table4-2 andTable4-3 showthe details okach news type dataset, and

Table4-4 presents a summary of the datas®lection processThe total count of tweets

for the six datasets before processivas371,379 tweets, with the size approximately

800 GBof memory.

Search Tweets in Tweets
Event Date
Keywords sample returned
24/08/2015 1,394841 3,851
25/08/2015| 1,430283 1,801
Chinese Shares |, . . 26/08/2015 1,329505 2,275
drop ,gﬂ:g:i?gggs’ 27/08/2015| 1,327,922 901
28/08/2015| 1,442474 1,787
29/08/2015| 1,148202 69
30/08/2015 1,230819 66
19/09/2015 2,064,797 2,920
20/09/2015 1,949912 1,799
Volkswagen All: “ emi s s i 0121/09/2015 2,291,496 18,974
Scandal ‘volk s wagen 22/09/2015 2,543039 33,700
23/09/2015 2,572,296 29,139
24/09/2015 2,614,319 18,395
25/09/2015 2,385107 13,635
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Search Tweets in Tweets
Event Date
Keywords sample returned
24/03/2015 4,462,240 7,299
25/03/2015| 4,650,410 3,800
. '‘Germanwings', 'flight| 26/03/2015 4,318,080 4,379
gfggﬁg"g'rg%i 9525' 27/03/2015 4,731,955 3,392
“Luft hans a28/03/2015 4,808,650 1,522
29/03/2015 4,729602 1,104
30/03/2015 4,601,930 1,149
25/04/2015 4,187,583 7,671
26/04/2015| 4,230153 7,824
o 27/04/2015| 4,229411 6,273
Nepal Earthquake ,A'e L - ﬂ 3 ﬁ Z 'k 28/04/2015 4,241,342 3,936
29/04/2015| 1,013868 540
02/05/2015 3,221,767 1,033
03/05/2015 4,568149 1,148
Table 4-2 Disaster news stories data collection details
Search Tweets in Tweets
Event Date
Keywords sample returned
07/01/2015 4,504,568 63,794
08/01/2015 4,380,187 41,707
) , 09/01/2015 4,297,932 25,284
Charlie Hebdo 'J" N g do o 10/01/2015 4,314,595 11,359
Shooting esul s~ ar 1012015 4,302,956 13,753
12/01/2015 4,158,101 7,715
13/01/2015| 4,420,819 7,391
16/09/2015 3,673,312 11,700
“1'sStandWi t 17/09/2015 3,696,966 6,564
Ahmed Mohammed | OR 18/09/2015 3,579579 1,550
19/09/2015 3,692,748 615
Clock All : “arres
20/092015| 3,756,820 411
21/09/2015 3,699213 171
22/09/2015  3,729180 201

Table 4-3 Politics news stories data collection details
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News Story Tweets Returned Story Date
Charlie Hebdo newspaper shooting 170,992 January 7
The “Clock Boy” 21,164 September 16
Germanwings airplane crash 22644 March 24
Nepal earthquake 28,324 April 25
Chines stock market collapse 10,649 August 24
Volkswagen emission test cheating 117,606 September 19

Table 4-4 Dataset collection summary

Each tweet rairned from Twitter API contained number of different fieldghe

fields of interest to this research are presentedahle 4-5 and Table 4-6 (Twitter

Developers 2014) The fieldsusedwere the following; created_attweet identification

number, tweet texbr status user name, user identification number, time zone, user

location and URL ifavailable Hashtagsvere parsed fsm tweet text in database creation

stage.

Field Description

Created_at CoordinatedJniversal Time (UTC) when the tweet was posted.
Retweeted Boolean value indicating whether or not the tweet was retweet:
Tweet id Integer represents the tweet id&oétion number

Userid integer representation of a unique user identification number.
Username name of the user.

Userscreen_name unique user name.

Status the |l ast user’s tweet or ret
URL Link extracted from status (tweet text) if exist

Table 4-5 Tweet fields used in the study
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Field Details

User Auserdef i ned field, may contain ¢
location

Time zone | Time zone of the user, selected from a dropdown list.

geo enabled Bool ean indicating whether or n

Coordinate | The geographic location of a tweet, represented by longitude and la
included in the tweet only if geo_enabled is true

Place Indicate that a tweet is ssciated with a place, and not necesse
tweeted from that place.

Table 4-6 User location fields in a tweet

4.1.3 Userlocations.The geographicnformationavailable ina tweetfalls into
one of the following user location, time zone, coordinate and plddser location is
typed by the user, therefore it may contain any wardsometimedypos, time zone is
selected by the user from a dropdown list, coordinates represents the longitude and
latitude as deteatkby location servics if the location detection feature was enabled in
t he user s andphaeeis assodiatedy Twéter with a place, however it does
not necessarily mean that the tweet was posted from that placéetHilsof the location
fields in a tweet are summarizedTiable 4-6. User locatiomand time zondields in the
tweet were usedto identify user locationThese two featuravere useddue to their
availabilityin more than 70% of the tweetshile the othetwo exisedin only 2% ofthe
posts

Using the user locatioand time zondields, an algorithm wasppliedto fetch
longitude, latitude and the cect country nameThis geocoding i.e., assigning
coordinate to a location namejas performedusing MagQuestgeocoding API The

algorithmchecled if the use had a location,andif a locationwas found, the algorithm
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attempedto geocodehe location If the user locatiorwas not found after geocoding, the
time zonewasused.

From our initial skimming of the results returned by the geocoding service, a
number of mistakegyl geocoded locations were found. Thigs becausethe location
typedby the usewaseither incorrectr{ot a locatiopor hal a spelling mistakeHowever,
the geocoder attemgudto find amatching locationand in some casefoundan incorrect

match.Table4-7 demonstratesome examplesf incorrect geocoding attempts

Original Location Geocoded Location
Earth United States
My Home United States

Paris— Hanmburg— In the Air | United States
Pisa, Italy- Pescia, Italy United States

Table 4-7 Examples of geocoding errors

To find the geocoding error rate, manual screening was applied to 1000 randomly
selected sapie of geocoded user locations. The result of the manual error check shows
that 72% of the users’ |l ocati ons were corr
28%. Table 4-8 presents the total counts of tweets, geocodeétsvand the percent of

geocoded tweets to total tweets in each news story dataset.
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Dataset Total Tweets Geocoded Tweets Percent
Chinese Shares 10,649 6,784 64%
Volkswagen 117,606 86,364 73%
Germanwings 22,644 17,351 77%
Nepal Earthquake 28,324 20,796 73%
Charlie Hebdo 170,992 133409 78%
Clock Boy 21,164 15,732 74%

Table 4-8 Total counts of tweets, geocoded tweets and the pent of geocoded to total tweets

in each news story dataset

Next, distamce from the origin of the story is calculated by applying the Haversine

formula (/an Liere, 2010)The resultof this step is a CSV file with the same fields

mentioned above plus longitude, latitude and country name. A snap shot of a file with the

fields used is illustrated irFigure 4-4, and an example dhe resultof the geocoding

process is shown iRigure4-5.
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4.1.4 Database creationand querying. The CSV file containing all the parsed
fields from the tweet, plus the location informatiobtainedby geocodingFigure 4-5),
was then transformed into a relational database. Hashtags were extracted from tweet text
and stored in a separate table. The final database schema exbwo$ighe tables,
locations, users, tweets, hémls and linksDatabase was created and queried using
Python version 2.@nd SQLite3
4.1.5 Data collection summary.The decision wasnade regarding whichata
to use live Twitter stream or archived tweet$ a live stream of tweets was the choice
then Twiter streaming APl would be useddowever, for this research archivddta
was used that had previously been collected from the live stream.
4.2 Analysis
The aim of this research is to examine the relationships between user
participation, geographic locatioresyd news typedJsing bothquantitatve and statistical
analysis This sectionoutlinesthe processing applie@he analysis startelly examining
the general characteristics of the whole dataset, i.e., tetorées combined. Next,
analyss were appliedby: country, news type and news stoinally, statistical analysis
was applied to model the relationskipetween country, news type and user behavior.
Thefollowing subsectionexplainthe details othese analyses
4.2.1 General Descriptive Statisticsfor All 6 Stories The data used for this
research consistlof 6 datasets of tweets for 6 major news events that took place in 2015
in 5 countries. The tweets were generated by usersZB8sntountries around the world.
The first step in analyzing this data svéo combine the 6 datasets into one dataset,

resulting in a total oB863,720tweets, of thes&63,720tweets 280,436 were correctly
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geocoded tweets, and were stored in the datalbbsgce, the term database is used to
refer to the geocoded and saved twaeted for the analysis in this studye gneral
characteristicsised to describe the databasegude thecounts of totahjeocoded tweets,
original tweetsyetweetsfweets with hashtags and tweet with links. We alstainedthe
number of originals wit links and the number of originals with hashtags, and the same
for retweets. This analysisrovides an overalldescriptionof all the tweets used in the
study.

4.2.2 Characteristics by country. Using the whole dataseall 6 storie$, the
top 10 countries we identified, and analyzed bthe same characteristider each
countryas in the previous steounts of originals and retweet®unts of tweets with
hashtags, tweets with linkghe originalretweet distribution fotweets with hashtags and
tweets withlinks were obtainedfor each of the top 10 countrie®nly three countries
appeared in each individual stptphe tweets for these countries were identified and
analyzed in the same manner.

4.2.3 Characteristics by news typeNews stories of the same type wéhen
collapsed into one dataset, resulting in three datasets by news typee fideaster and
politics. Thethreedataset were analyzedby the same characteristics usedtfe whole
datdbase Top 10 countries for each news typere identified ancaralyzed.

4.2.4 Characteristics by news story.Eachof these news story exhibiteshme
unique characteristics, depending on the nature of ting atol the population it affected
among other factorsThe characteristics of each individual stomere analyzed.
Additionally, we analyzedhe data bythe top 10 countries, theop 10 hashtagsend the

top 10 linksfor each story
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4.2.5 Statistical analysis.Binary logistic regression was applied to provide
basicoutcomeskFirst, to find the significancef the coerelaions of the \ariables country
and news typeSecond,to model the relationship between the variables country, news
type and behaviofFrom this model we calculadeprobabilities of the occurrences of the
different combinations of variable, for instanti®e probability of country A in news type
X to generte hashtags. Also, odds ratiesere obtained fromthis model, which allowed
performingcomparsons amongountries anédmongnews types
4.3 Assumptions

Usess locatiors considered for this researclere obtaned from theuser s’
profiles. For the purpose of this study we assdrtteat for a certain user, thication
obtainedwasthe location where the user lidebut not necessarily where the tweet came
from. We also assurdehat the usestayedin the origind locationduring the period of
data collection so if the useappearedwice in the dataset only the first locatiaras
fetched andaved in the database.
4.4 ProblemsFacdl

Quantitative research methods require examining the relationships among
variables statistically, thus, a statistical procedure suitable for our datas needed.
However, due to the nature of the data used, and its lack of normal distribution, finding
the right tool was one of the difficulties fatm this study Another problem facedvas a
technical onewhich wasthe rate limit of the geocoding sergicThis rate limit alloved
limited acces®f the mapping servicger day, so to geocode a large number of tweets, the

process tookonger than expected took several days in some cases
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Chapter 5 Results

The results of applying the analyses described in chapter 4 are presented in this
chapter First, the results describing the whole dataset paesented, the results by
country news type and storgre reportednext Finally, we explainthe results of the
statisticaltess appliedfor analyzing the relationstspbetweeroriginal/retweet, hashtags,
links, andbothcountry and news type
5.1 General Descriptive Statisticsfor All 6 Stories

The general characteristics for the whole dataset providesexall description of
all the tweet used in the study, these results are preseniedblm5-1. The first column
preserg the characteristics examined, the second and third columns are counts and
percentagesof total tweets, ad the last column presents the percentage of the
characteristic to total retweets or originals.

The original to retweet ratio was 41% to 59%, indicating that most of the tweets
were retweets. 70% of retweets contained hashtags, Aadc@ntained linksThis high
link use ratio did not agree with the finding reported in (Cao & Cavezlé®l), which
were betwee25%— 29% This could be due to the different nature of the tweets used in
our research as opposed to a stream of tweets with no specific £6@nbf originals
contained hashtags and 78% contained links. Retweets containing both hashtags and links
represented 31% of all tweets, while originals containing both hashtags and links were

only 12% of all tweets.
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% Total | % Original

Characteristics Count
Tweets | /Retweet
Total tweets 280,436
Unique users 203,363
Average tweets per user | 1.38
Unigue countries 235
Originals 114,695 41%
Average originals per user 0.57
Retweets 165,741 59%
Average retweets per user 0.81
Tweets with Halstags 169,517 60%
Tweets with Links 214,697 77%
Hashtags & Links 122,325 44%
Originals & Hashtags 52,749  19% 46%
Originals & Links 89,166 32% 78%

Originals Hashtags & Link¢ 34,278 12% 30%
Retweets & Hashtags 116,768 42% 70%
Retweets & Links 125,81 45% 76%
Retweets Hashtags & Link 88,047 31% 53%

Table 5-1 General characteristics of tweetsin the databaseof the 6 stories combined

5.2 Characteristics by Country

To analyze the distribution of tweety lwountry, ideally, the distributions of
originals, retweetdweets withhashtags and links for the 235 countries must be analyzed
and compared. A closer look at the distribution of tweets by cqumbryeverrevealed
that 3% of tweets originateérom 10 countries, and three countries werghatop 10
producers of tweetim each of the 6 stories. Therefore, two subsets of the main database,

the first with 10 countries and the second with 3 countries were created and analyzed. The
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two subsetshown inTable5-2 exhibited a patternsimilar tothe whole database in terms
of percentages of originals, retweets, tweets with hashtags and tweets with links to total

tweets in eacloneof them

Dataset Total Originals | Retweets Tweetswith | Tweets
Tweets ’ Hashtags | with links

All countries = 280,436 114,695 165,741 | 169,517 214,697

Counts Top 10 205,296 83,977 121,319 | 125,318 156,272
Common 3 | 132,240 59,409 72,831 72,409 103,729
All countries / 41% 59% 60% 77%

Percent  Top 10 / 41% 59% 61% 76%
Common 3 / 45% 55% 55% 78%

Table 5-2 Counts of originals, retweets, tweets with hashtgs and tweets with links in the

whole database and in each subset and percentages to total tweets in each of them

In the following subsectionsthe analyses of the characteristics of originals,
retweets,tweets withhashtags and links for the top 10 countries and the conBnon
countries are presented.

5.2.1 Top 10 countries. The following 10 countries produced 73% ofeth
dataset:USA, France,UK, India, Netherland,Canada,Spain, Greecelndonesiaand
Germany These countries along with their ranks are presentédbie5-3. The common
three countries USA, UK and Indvaerethe first, second ahfourth ranks respectively.
Franceoccupied the second place due to the large number of tweets generated by Charlie

Hebdo story, which represented a large portion otitliaset.
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Rank | Country Tweets | Original | % Total = Retweets % Total

1 USA 99,295 | 43992 44% 55303 56%
2 France 32,463 8130 25% 24333 75%
3 UK 21,316 9776 46% 11540 54%
4 India 11,629 5641 49% 5988 51%
5 Netherlands | 8,604 2800 33% 5804 67%
6 Canada 7,854 3547 45% 4307 55%
7 Spain 7,813 2397 31% 5416 69%
8 Greece 6,872 1991 29% 4881 71%
9 Indonesia 4,841 3674 76% 1167 24%
10 Germany 4,609 2029 44% 2580 56%
Totals/ % of Total 205,296 | 83,977 | 41% 121,319  59%

Table 5-3 Raw counts of tweets, originals and retwats in the top 10 countries and
percentages of originals and retweets to total tweets in the top 10 countries dataset

5.2.1.10riginal and retweetsTable5-3 presents the raw counts of tweets in each
of the top 10 countries, originals, retweets, and percentagegyofats and retweets to
total tweets in each country. The number of retweets was more than originals in all
countries except for Indonesia.

USA generated 99,295 tweets, which represer#5% of all tweets in the
database, next France (32,463), UK, (21)3@ India, (11,629), the rest of the countries
generated less than 10,000.

Figure5-1 shows the distribution dche number ofweets, originals and retweets
in the top 10 countriedJSA generated the largestimberof tweets,Francegenerated

around1/3 of USA, UK 2/3 of France, and India approximately 1/2 of UK. This pattern is
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similar to a power lawdistribution, withthe top few countries generatingost of the

tweets, and many countries generatiagy tweets.
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Tweet ®QOriginal = Retweet

Figure 5-1 Tweets, originals and retweets counts in the top 10 countries

5.2.1.2Hashtags.Hashtagusage in the tof.0O countriesis presented ifable5-4.
The table presents the raw counts of tweeith hashtagspercentages of tweets with
hashtags to total tweets in each countgynts of originaland retweets with hashtags,
and thepercent oforiginals and retweets withashtagdo total tweetswith hashtags in
each countryA high percentagef tweets (51%- 83%) contaied hashtags imll the top
10 countries, except Indonesia (41%).

Originals andetweets

All countries in the top 10 had higher percentages of retweets with hashtags than

originals with hashtags (69%) except Indonesia (40%g Hashtags occurrences in both
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originals and retweets (30/70) were similar to the overall pattern of the original to retweet

ratio (40/60).

Tweets %Total Originals | % Tweets | Retweets | % Tweets
Country with T‘\’Neets with with with with

Hashtags Hashtags | Hashtags | Hashtags | Hashtags
USA 54,118 55% 18,354 34% 35,764 66%
France 26,946 83% 6,193 23% 20,753 77%
UK 11,870 56% 4,125 35% 7,745 65%
India 6,421 55% 2,415 38% 4,006 62%
Netherlands | 6,182 72% 1,647 27% 4,535 73%
Canada 4,005 51% 1,303 33% 2,702 67%
Spain 5,432 70% 1,404 26% 4,028 74%
Greece 5,182 75% 1,192 23% 3,990 77%
Indonesia 1,973 41% 1,188 60% 785 40%
Germany 3,189 69% 1,296 41% 1,893 59%
Total/%Total | 125,318 61% 39,117 31% 86,201 69%

Table 5-4 Raw counts of tweets, originals and retweetsith hashtagsin the top 10 countries

and percentages of originals and retweets to total tweets @ach country

Figure 5-2 illustrates the distribution of the usage of hashtagshe top 10
countries Hashtagsvere more frequent inetweets thain originals This mightindicate

thatretweetswverea factor in spreading hashtags.
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Figure 5-2 Raw oounts of tweets, originals and retveets with hashtagsn the top 10countries

5.2.1.3Links. In Table 5-5 link usage in the tod0 countries is presented. The
secondcolumn presentghe total number oftweets with linls in the corresponding
country, and the third colunpresents the percentage of tweet with links to total tweets
eachcountry. The last four columns show the number of originals with links, retweets
with links and their percentage to total tweets with links in each coutrthe top 10
countries had lgih percentages of tweets with links, the lowest in Greece (67%) and the
highest in Indonesia (90%).

Originals and retweets

All countries had higher or equal percentages of retweets with links than originals
with links, except for Indonesia. Interestinglydonesia had a higher ratio of originals

overall.
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Tweets

Countr with %Total Originals | % Tweets | Retweets | %T weets
y Links Tweets with Links | with Links | with Links | with Links
USA 78336 79% 35,443 45% 42,893 55%
France 21840 67% 4,480 21% 17,360 79%
UK 16943 79% 7,848 46% 9,095 54%
India 8450 73% 4,253 50% 4,197 50%
Canada 6340 81% 2,953 47% 3,387 53%
Netherlands | 6060 70% 1,903 31% 4,157 69%
Spain 5809 74% 1,747 30% 4,062 70%
Greece 4633 67% 1,357 29% 3,276 71%
Indonesia 4362 90% 3,458 79% 904 21%
Germany 3499 76% 1,558 45% 1,941 55%
Total 156,272 76% 65,000 42% 91,272 58%

Table 5-5 Raw counts of tweets with links, originals and retwets in the top 10 countries and

percentages of originals and retwestto total tweetsin each country

Figure5-3illustrates thalistributionof tweets, originals and retweetghvlinks in
the top countriesUSA generatecaround 8,000 tweets with links, next Franc@0,000,
1/4 of USA, UK a bt less than France, then the rest of the countries gedéeaterthan
5,000tweets with links Generally theratio of original to retweet with linksvasclose to

40/60.
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Figure 5-3 Counts of tweets, orighals and retweets with linksin the top 10countries

5.2.2 Common three countries. Three countries were found in all the six
stories used for this researdndy, USA, UK and India, anthey represergd 47% of all
the tweets in the databadeéhe analysisapgdied to the top 1@ountries wasepeated for
the 3common countrieand the results are presented in the following subseciiaide
5-6 presend the top 10 countries, ranknd raw counts dfveets ineach country.

5.2.2.10riginals and retweets.Table 5-6 shows the tweets, originalsetweets,
counts and ratiosf originals and retweets to total tweets in each coufitrg.3 countries
were not quite as similato the overall ratio of original/retweet, 40/68s the top 10
countries.Originals total in the 3 countries (59,409) is 52% of the total originals in the
database, whereas retweets (72,831) is 44% of total retweets in the database. That may

indicate that the top countries contrilditeore in creating riginals than other countries.
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Rank | Country | Tweets | Original @ % Total | Retweets % Total
1 USA 99,295 | 43992 44% 55,303 56%
3 UK 21,316 9,776 46% 11,540 54%
4 India 11,629 5,641 49% 5,988 51%
Totals 132240 | 59,409 45% 72,831 55%

Table 5-6 Counts oftweets,originals and retweetsin the common 3 countriesand
percentagesof originals and retweetsto total tweetsin the common 3 countriesdataset

Figure5-4 illustrate the raw coustof tweetspriginals and retweets in the top 3
countries. USA generateabout four times the number of tweets as Wifd UK

generated twice as India.
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Figure 5-4 Tweets, originals and retweets counts ithe common 3 countries

The distributions of the counts of tweets, originals, and retweetsdraewhat
similar patters to the top 10 countries presented earliBhe common 3 countries
generated around half of tweets, retweets and originals of the imhible databaséhis
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confirms the finding presented earli¢hat few countries generadehigh proportion of
tweetsbothoriginalsandretweets.

5.2.2.2Hashtags. Table 5-7 presentsthe raw counts of tweets with hashtags,
percentagesf tweets with hashtags to total tweets in each country, counts of originals
and retweets with hashtags, and the percent of originals and retweets with hashtags to
total tweets with hashtags in each countilye common 3 countries thgimilar ratios of

tweets with hashtags,e., 55% of all the tweets of the common 3 countries coathin

hashtags.
Tweets %Total Originals % Tweets | Retweets | % Tweets
Country | With T‘\’Neets with with with with
Hashtags Hashtags | Hashtags Hashtags | Hashtags
USA 54,118 55% 18,354 34% 35,764 66%
UK 11,870 56% 4,125 35% 7,745 65%
India 6,421 55% 2,415 38% 4,006 62%
Total 72,409 55% 24,894 34% 47,515 66%

Table 5-7 Counts of tweets, originals and retweets with hashtags and percentagds

originals and retweets with hashtagso total tweetswith hashtags in the common 3 dataset

Originals and retweets

The percentages of originals with hashtags among the 3 couma®:1%,i.e.,a
little more than one third of the tweets with hashtagseoriginals, and two thirdsvere
retweets.The overall original to retweet ratiwas 31% to 69%, in the common 3
countries the ratizvas34% to 66%.

Figure5-5 illustrates the counts of tweets, originals and retweets withdgsim

the common countriesThe figure highlight that hashtagoccured more often in

60



retweets than in originals, which is similar to the distribution in whole database, and in

the top 10 countries.
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Figure 5-5 Counts of tweets, originals and retweets with hashtags the common 3 countries

The USA generated 35% of all tweets with hashtags in the databbheegthe 3
countries combined generated 43% of all tweets with hasitage database

5.2.2.3Links. The use of links in the commdhcountries is presented iFable
5-8. The second column presents the total number of tweets with links in each country,
and the third column presents the percentage of tweet with links to tottkiwesach
country. The last four columns show the number of originals with links, retweets with
links and their percentage to total tweets with links in each col8 generated 40%
of tweets with links in the whole database, the 3 countries combereztated 48% of all

tweets with links in the whole database.
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Tweets

[ iai 0, 0
Country | With YoTotal Originals % Tweets | Retweets | % Tweets

Tweets with Links | with Links | with Links | with Links

Links
USA 78,336 79% 35,443 45% 42,893 55%
UK 16,943 79% 7,848 46% 9,095 54%
India 8,450 73% 4,253 50% 4,197 50%
Total 103,729 78% 47,544 46% 56,185 54%

Table 5-8 Counts of tweets, originals and retweets withinks and percentages of originals
and retweets withlinks to total tweets with links in the common 3 dataset

Originals and retweets

The percentages of originals with links in the 3 countwes 46%, i.e., alittle
less than half of the tweets with links in each counteye originals, and more than half
of tweets with linls wereretweets.

Figure 5-6 shows the counts of tweets, originals and retweets with links in the
common countriesThe figure reflect that retweets with linksvere more frequentthan

originals with links within each country.
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Figure 5-6 Counts of tweets, originals and retweets with linken the common 3 countries

From all the tweets with links in the dbtse, the common countries sleolv
higher ratios of originals with link$46%) than the whole databagd2%). This may
indicatethat the common countries contribditenore original contenthan retweet of
existing post. Also, link sharing activity in the commoB was higher than hashtag

sharingduring the events used in this gyu
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5.2.3 Summary of results by country. The analyes above evealed tha?3%
of all tweets camerém the top 10 countriesand about half of tweet&l7%) originated
from the common three countriet)SA, UK and India The log log scale of the
distributiors of raw counts ofall tweetsfrom all countries inthe databasetweets with
hashtags, and tweets with linfdloweda power law distribution as presentedrigure
5-7. Figure5-8 illustratesthe log log sca of the distribution of raw counts the top 10
countries which also folloneda power law distribution with a smaller slope compared to

the chart with all countries.
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Figure 5-7 Log log scale of the disibution of raw counts of tweets, tweets with hashtags and

tweets with links in all countries

64



100000

y = 85575x12%8

y = 63170x1-283
y = 52033x126
10000
1000
1 10
All Tweets Tweets With Hashtags Tweets With Links
Power (All Tweets) Power (Tweets With Hashtags) Power (Tweets With Links)

Figure 5-8 Log log scale of the distribution of raw counts of tweets, tweets with hashtags and
tweets with links in the top 10 countries

The overallratio of originalto retweetdweetswas41%yvs. 59%. A ligh retweet
ratio has beerassociated witmews with negative contentslgnsen, Arvidsson, Nielsen,
Colleoni, & Etter, 201}, where people tend to forwatte tweet containing theews to
their followers, generating large amounts of twe&tble 5-9 presents the summary of

theresults by country.
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Dataset(# of Tweets) Originals/ Tweetswith Tweetswith

Retweet Ratio | Hashtags links
All countries (280,436) 41/59 60% 77%
Originals/ Retweet Ratio / 31/69 42/58
Top 10 05,296 41/59 61% 76%
Originals/ Retweet Ratio | 31/69 42/58
Common 3 (132,240) 4555 55% 78%

Originals/ Retweet Ratio | 34/66 46/54

Table 5-9 percent of originals, retweets, hashtags and links within each dataset

The top 10 countries Hasimilar percentages to the whole database, however
USA, UK and India hd somewhathigherratios oforiginalsto retweetghan the werall

database
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5.3 Characteristics by News Type

To examine characteristics of tweets by news type, and to a develop a sense of
what differentiates the news typs, news storie®f the same typaerecollapsednto one
dataset, resulting in three datasbis news typefinance, disaster and politicth the
following sulsectionthe general descriptive statistiese presentedor the threedatasets.
Following that,the characteristicef original, retweet, hashtag and link usfethe top 10
countries arexamined

5.3.1 General characteristicsby news type We usedthe samecharacteristics
for examining the result®r each ofthe combined datasets we did withwhole test
datasetpresented in sectiob.l Table 5-10 shows the generalcharacteristicsof the

combined datasetsr each news type, the total count of tweets in all typas 280,436,

i.e., the whole databasel. he col umn | ab el s the peréent Dfothea | ’ p
characteristic to the totalevet s i n each news type, while t
or Ret weet’ present the percent of the cha

each news type.
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89

o Finance Disaster Politics

Characteristics Tweets % Total % Originab | Tweets % Total % Originals | Tweets % Total % Originab
Count or Retwees Count or Retwees | Count or Retweet

Total tweets 93,148 38,147 149141

Originals 59,179 64% 14861 | 39% 40,655 27%

Retweets 33969 36% 23286 | 61% 108486 | 73%

Tweets with Hashtgs 28,635 31% 21,697 | 57% 119185 | 80%

Tweets with Links 84,439 91% 26,693 | 70% 103565 | 69%

Hashtags & Links 25,287 27% 15290 | 40% 81,748 | 55%

Originals & Hashtags 17,557 19% 30% 6,671 17% 45% 28521 19% 70%

Originals & Links 54,234 58% 92% 11,248 29% 76% 23,684 16% 58%

Originals Hashtags & Links 15,595 17% 26% 4,326 11% 29% 14,357 10% 35%

Table 5-10 General characteristics of the combined datasetsf each newsype




Table 5-10 shows that the highest proportion of origimakes was in finance
stories (64%pynd 92% of these original tweets conglrlinks. The lowestproportionof
original weets was in political stories (27%hd (39%) in disaster storiesThe retweet
ratio was highest in political storie§73%), with 84% of tlem contaimg hashtagsThe
patterns ofbehavior inthe different news typavere different from the pattesof the
whole dataset.

The top 10 countries for each netype wereidentified and presented ifiable
5-11. Thesecounties are not the same countries used in the previous section which are

the most freqgent countries in the whole database

Rank | Finance Disaster Politics

1 USA USA USA

2 UK India France

3 India UK UK

4 Canada Spain Netherlands
5 Nigeria Indonesia | Greee

6 Indonesia | Germany | Spain

7 Australia Mexico ltaly

8 Netherlands Canada Canada

9 Germany | France India

10 France Netherlands Germany

Table 5-11 Top 10 countries in each news type

5.3.2 Finance stories The first three columns of Table 5-12 display rank

common countriesand thenumber of tweets for eaatountryfor finance storiesUSA
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generated 42,226 tweets in finance dataset, which repedséd¥ of total tweets in
finance, n&t UK (11%), andthe rest of the countries m&a5% or lesgach

5.3.2.10riginal and retweetsOriginal tweetswere more frequentthan retweets
in finance 64% versus 36%/lable 5-12 presents theriginals andretweetscounts and
perceitages to the total twestin each country irfinance storiesMost countries ha
similar percentages of originals and retweets to the whole finance dataset except for

Indonesiawhich hal higher percentage of origingl83%).

Rank | Country Tweets Originals | % Total | Retweets % Total
1 USA 42,226 27,044 64% 15,182 36%
2 UK 10,061 6,538 65% 3,523 35%
3 India 4,976 3,417 69% 1,559 31%
4 Canada 4,081 2,463 60% 1,618 40%
5 Nigeria 1,897 1,321 70% 576 30%
6 Indonesia 1,845 1,717 93% 128 7%
7 Australia 1,748 996 57% 752 43%
8 Netherlands | 1,598 1,017 64% 581 36%
9 Germany 1,465 893 61% 572 39%
10 France 1,318 704 53% 614 47%
Total 71,215 46,110 65% 25,105 35%

Table 5-12 Tweets, originals and retweets counti the top 10 countries and percentags to
total tweetsin each countryin finance

Figure5-9illustrates thalistributionof tweets, originals and retweetsthetop 10
countries in financeUSA generatecaround 42000 tweets, UK 10000 tweets, which
around 1/4 theount of USA, India generalé,000tweets, which is around 1/8 the count

of USA and 1/2 the count of UK.

70



45,000
40,000
35,000
30,000
25,000
20,000
15,000
10,000

5,000

Tweets BOriginal B Retweets

Figure 5-9 Tweets, originals and retweets counts ithe top 10countries in financedataset

5.3.2.2Hashtags. Table 5-10 shows that31% of finance tweets cdained
hashtagsTable 5-13 shows the counts of tweetdath hashtags, originals with hashtags
and retweets with hashtaged the percentages total tweets with hashtags in each
country The use of hashtags in most of the top 10 countréeclose to 31%, the overall
percent of the finance dataset, the petages rangkfrom 29%- 47%.

Originals and retweets

61% of finance tweets with hashtags were originals and 39% were retweets. The
countries followed a similar distribution of originals with hashtags and retweets with
hashtags as the whole finance datas&cept Indonesia with (95%) of originals with

hashtags.
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Tweets Originals | % Tweets | Retweets | % Tweets

Country | with OT/"VI;)S; with with with with
Hashtags Hashtags | Hashtags | Hashtags | Hashtags

USA 12,037 29% 7,674 64% 4,363 36%
UK 3,305 33% 1,903 58% 1,402 42%
India 1,485 30% 1,063 72% 422 28%
Canada 1,170 29% 616 53% 554 47%
Nigeria 567 30% 254 45% 313 55%
Indonesia 704 38% 667 95% 37 5%

Australia 770 44% 436 57% 334 43%
Netherlands | 534 33% 338 63% 196 37%
Germany 688 47% 464 67% 224 33%
France 528 40% 291 55% 237 45%
Total 21,788 31% 13,706 63% 8,082 37%

Table 5-13 Counts of tweets, originals and retweets with hashtags in thep 10 countries

and percentages to total tweeti each country inthe finance dataset

Figure 5-10 illustrates the distribution of tweets, originals and retweets with
hashtags inop 10 countries.USA generaté around 12000 tweets wih ha$itags, next
UK with less than 4,0Q0All countries hd higher counts of originals with hashtags
except for Nigeria, where retweets with hashtagse more than originalsThat may be
due to theChineseshares drofpeingnegativenews for Nigeria, sdigh retweet ratio is

expected (Hansen et al., 2011).
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Figure 5-10 Counts of tweets, originals and retweets v hashtagsin the top 10countries in

the finance dataset

The top10 countries mde %% of the total finance tweets with hashtad$SA
represeregd 42% of all finance tweets with hashtag®% of finance originals with
hashtags, and89%% of retweets with hashtagsext UK with around 12%, 11% and 13%,
and the rest of the countries deaaround 20%21% and 19% in totalJSA, India, and
Indonesia hahigher ratio of originals with hashtags ththe other countries

5.3.2.3Links. Table5-14 displays the counts of tweets with linkpercent to total
finance tweets in each countoyiginals retweetswith links and the percentages to total
tweets with links in each countr90% of the tweetsf the top 10 countriescontaired

links.
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Tweets

Countr with %Total Originals %Tweets | Retweets | % Tweet
y Link s Tweets with Links | with links | with Links | with links
USA 38,278 91% 24,902 65% 13,376 35%
UK 8,945 89% 5,918 66% 3,027 34%
India 4,298 86% 2,903 68% 1,395 32%
Canada 3,615 89% 2,280 63% 1,335 37%
Nigeria 1,855 98% 1,293 70% 562 30%
Indonesia 1,793 97% 1,671 93% 122 7%
Australia 1,580 90% 901 57% 679 43%
Netherlands | 1,443 90% 935 65% 508 35%
Germany 1,354 92% 829 61% 525 39%
France 1,153 87% 578 50% 575 50%
Total 64,314 90% 42,210 66% 22,104 34%

Table 5-14 Counts of tweets, originals and retweets with links in the to@0 countriesand

percentages to total tweets ieach country inthe finance dataset

Originals and retweets

In financedatase®1% of tweets containdohks. 64% of finance tweets with links
were originals and 36%were retweets.Similar to hashtagslistribution, most countries
followedthe same distribution of originals with links and retweets with links as the whole
finance dataset, except Indonesiay®.

Figure5-11 shows the distribution of tweets, originals and retweets with links in
the top 10 countries The counts of originals with linkeiere more than retweets with

links across all the top 10 countries in finance.
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Figure 5-11 Counts of tweets, originals and retweets withinks in the top 10 countries in the
finance dataset

All countries showd consistent percentages of tweets, originals and retweets,
except forindonesa, which ha a higher ratio oforiginals compared toretweets In
general,all the top 10 countriefor finance stories lthmore originals, more originals
with hashtags and more originals with links than retweets. Wehahcountry, the ratio
of originds washigh, with Indonesiahe highest ratiof originals (93%).

5.3.3 Disaster stories The first 3 columns offable 5-15 presents the top 10
countries m the disasterdataset Four countrieswere common among the two stories,
USA, Indig UK and Indonesia.

5.3.3.10riginals and retweetsTable 5-15 presend thecounts of originals and
retweets and percentages to total tweets in each countihyeidisaster dataset. The

percentage of originak andretweet in the diaster datasetere 39% and 61% as
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presented iMable5-10. The top 10 countries follogd this pattern except fdndonesia

(73/27) and Mexico (61/39

Rank = Country Tweets Original % Total Retweets | % Total
1 USA 12,847 4,690 37% 8,157 63%
2 India 3,990 1,363 34% 2,627 66%
3 UK 2,177 815 37% 1,362 63%
4 Spain 1,830 609 33% 1,221 67%
5 Indonesia 1,367 1,004 73% 363 27%
6 Germany 1,001 462 46% 539 54%
7 Mexico 971 592 61% 379 39%
8 Canada 783 303 39% 480 61%
9 France 775 277 36% 498 64%
10 Netherlands = 723 285 39% 438 61%
Totals 26,464 10,400 39% 16,064 61%

Table 5-15 Counts of Tweets, originals and retweets and percgages to total tweetsin each

country in the disasterdataset

Figure5-12 presers the raw counts ofweet,originals and retweets the top 10
counties inthe disaster dataseln the disaster dataset, only Indonesia and btexial

higher original taetweet ratios
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Figure 5-12 Raw counts of tweets, originals and retweets in thiep 10 ountries in the

disasterdataset

USA generated 1/3 of disaster tweets, exttg and origials, next India, generated
10%and UK5%.

5.3.3.2Hashtags.Table 5-16 presents the number of tweets, originals, retweets
with hashtags, and percentages to total tweets in the disaster dataset. More than 50% of
the top 10 countries tweetcontaied hashtags, except Indon@s(31%) and Mexico
(36%). USApresened around 33% of total disaster tweets with hashtags, India 13% and
UK 6%.

Originals and retweets

According toTable5-10, 57% of disaster dataset tweetstained hashtags, 31%
of these were originals and 69% were retweets. The top 10 countries in the disaster
dataset had the same pattern, except for Indonesia which had 49% originals and 51%

retweets, and Germany 43% original and 57% retweets as presentdde5-16.

77



Tweets Originals | % Tweets | Retweets | % Tweets

0,
Country with T/"VIE?:; with with with with
Hashtags Hashtags | Hashtags | Hashtags | Hashtags
USA 7,137 56% 2,128 30% 5,009 70%
India 2,855 72% 762 27% 2,093 73%
UK 1,207 55% 381 32% 826 68%
Spain 1,322 72% 383 29% 939 71%
Indonesia 427 31% 209 49% 218 51%
Germany 681 68% 292 43% 389 57%
Mexico 346 36% 125 36% 221 64%
Canada 442 56% 139 31% 303 69%
France 505 65% 175 35% 330 65%
Netherlands | 416 58% 151 36% 265 64%
Total 15,338 58% 4,745 31% 10,593 69%

Table 5-16 Counts of tweets, originals and retweets with hashtags the top 10 countries

and percentagesa total tweetsin each countryin disaster dataset

Figure 5-13 illustrates thedistribution of tweets, originals and retweets with
hashtags in the top 10 countries, USA generated around 7,000 tweets which is roughly
third the dsaster dataset, next in rank India, around 3,000, Spain around 1,300, UK 1,200,
and the rest of the countries generated around 500 or fewer tweets with hashtags. The

chart also shows that hashtags occurred more frequently in retweets than in originals.
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Figure 5-13 Counts of tweets, originals and retweets with hashtags in thep 10countries in

disasterdataset

5.3.3.3Links. Table5-14 displays the counts of tweets with links, perdentotal
disastertweets in each country, originals, retweets with links and the percentages to total
tweets with links in each countrylore than 60% of disaster tweets congaihinks in all
the top 10 countries.

Originals and retweets

Links were in 7@ of disaster dataset tweets, 42% were originals and 58% were
retweets. The top 10 countries followed a similar pattern, except for Indonesia and
Mexico. This difference could be because the counts of originals in these countries were
higher, therefore theattern of originatetweet with hashtags and links followed the

pattern original/retweet distribution.
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Tweets %Total Originals | %Tweets | Retweets | %Tweets

countty | ith Links | Tweets | with Links | with Links _ with Links | with Links
USA 9,113 71% 3,556 39% 5,557 61%
India 2,428 61% 829 34% 1,599 66%
UK 1,487 68% 584 39% 903 61%
Spain 1,277 70% 411 32% 866 68%
Indonesia 1,229 90% 955 78% 274 22%
Germany 618 62% 298 48% 320 52%
Mexico 751 77% 501 67% 250 33%
Canada 580 74% 234 40% 346 60%
France 498 64% 182 37% 316 63%
Netherlands =491 68% 211 43% 280 57%
Total 18,472 70% 7,761 42% 10,711 | 58%

Table 5-17 Counts of tweets, originals and retweetwith links in the top 10 countries and
percentages to total tweeté each countryin the disaster dataset

Figure5-14illustrates thecounts of tweets, originals and retweets with links in the
top 10countriesthe distribution wassimilar to the distribution of the top 10 countries in

the whole database.
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Figure 5-14 Counts of tweets, originals and retweets with links in theéop 10 countries in
disasterdataset

USA accounedfor 34% of total disaster tve¢s with links, India 9% and UK 6%.
Most countries had higher retweetwith links ratio, except for Indonesia, which cha
higher ratio oforiginalswith links compared to retweet3his may indicate that during
disaster evenisthe top countries were retwegfirmore than creating new tweets
compared with all the other countries in the disaster dataset.

Generally, in the disaster datasesll countries folloved the overall
original/retweet ratio except fdndonesia and Mexigowhich had higher original to
retweet ratios.Theseratios were reflected on original/retweet ratios in tweets with
hashtags and tweets with links in these two countries

5.3.4 Politics stories Table5-18 presents the top 10 counsian politics dataset

and the number of tweets in each courfiiye countries from the top ten in each politics
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story were common among the two stories, USA, France, UK, Canada and W8A.
presentd 30%, nextFrance 28 and UK6% of all politics datase

5.3.4.10riginals and retweets.Table 5-18 presents the counts of originals,
retweets and their percentages to total tweaetsachcountry. Most of politics tweets
were retweets, 73%etweetsversus 27% originalsThe top 10 countrge followed the

same pattern as the whole politics dataset

Rank | Country Tweets | Original | % Total | Retweets % Total
1 USA 44222 | 12,258  28% 31,964 | 72%
2 France 30,370 | 7,149 24% 23,221 | 6%
3 UK 9,078 2,423 | 21% 6,655 | 73%
4 Netherlands = 6,283 1,498 24% 4,785 76%
5 Greece 5,281 1,095 21% 4,186 79%
6 Spain 4,925 1,223 25% 3,702 75%
7 Italy 3,056 1,066 | 35% 1,990 | 65%
8 Canada 2,990 781 26% 2,209 74%
9 India 2,663 861 32% 1,802 68%
10 Germany 2,143 674 31% 1,469 69%
Totals 111,011 29,028 @ 26% 81,983 | 74%

Table 5-18 Counts of tweets, originals and retweets in theop 10 countries and percentages
to total tweets in each country inthe politics stories

Figure 5-15 presents counts of tweets, originals and retweets intdpel0
countries inthe politics dataset.The countsof retweetswere higherin all the top 10

countries in the politics dataset.
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Figure 5-15 Tweets, originals and retweets counts in the common countries in politics stories

5.3.4.1Hashtags.Table 5-19 presentsweets with hashtags, percent of these to
total tweets in each country, origisaWwith hashtags, retweets with hashtags and
percentages to total tweets with hashtags in each of the top 10 countries in the politics
dataset USA presentd around 29% of total politics tweets with hashtags, France 22%
and UK 6%.

Originals and retweets

80% of tweetdn politics dataset contained hashtags, 76% of tweets with hashtags
were retweets, and 24% were originals. The top 10 countries were similar to the overall

proportions.
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Tweets Originals | % Tweets | Retweets | %Tweets

0,
Country | with T/"V\/Teo:‘s' with with with with
Hashtags Hashtags | Hashtags | Hashtags | Hashtags
USA 34,944 79% 8,552 24% 26,392 76%
France 25,913 85% 5,727 22% 20,186 78%
UK 7,358 81% 1,841 25% 5,517 75%
Netherlands | 5,232 83% 1,158 22% 4,074 78%
Greece 4,438 84% 808 18% 3,630 82%
Spain 3,787 77% 861 23% 2,926 77%
Italy 2,557 84% 847 33% 1,710 67%
Canada 2,393 80% 548 23% 1,845 77%
India 2,081 78% 590 28% 1,491 72%
Germany 1,820 85% 540 30% 1,280 70%
Total 90,523 82% 21,472 24% 69,051 76%

Table 5-19 Counts of tweets, originals and retweets with hashtags the top 10 countries

and percentages to totatweetsin each countryin politics dataset

Figure 5-16 displays thedistribution of tweets, originals and retweets with
hashtags in the common countries in politidSA generate 35,000 tweets and France
generatd a little more than 290Q All countries hd higher counts of retweets with

hashtags than originals with hashtags
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Figure 5-16 Counts of tweets, originals and retweets with hashtags in thep 10 countries in
politics dataset

In politics, the analysis showsd that all thetop 10 countries hd more retweets
with hashtags than originals with hashtags. Similar behavior was obserrextisaster
dataset.

5.3.4.2Links. Table 5-20 presents tweets with links, percent of these to total
tweets in each country, oi@ls with links, retweets with links and percentages to total
tweets with links in each of the top 10 countries in the politics datdSt. presented
30% of total politics tweets with links, France 19% and UK 6%.

Originals and retweets

69% of politics weets contained links, 23% of them were original, and 77% were
retweets. All top countries had lower percentages of originals with links, which is similar

to the whole politics dataset with few variations.
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Tweets %Total Originals | %Tweets | Retweets | %Tweets

countty ' \ith Links | Tweets | with Links | with Links | with Links | with Links
USA 30,945  70% 6,985 23% 23,960 | 77%
France 20,189  66% 3,720 18% 16,469 | 82%
UK 6,511 72% 1,346 21% 5,165 79%
Netherlands | 4,126 66% 757 18% 3,369 82%
Greece 3,313 63% 531 16% 2,782 84%
Spain 3,549 72% 801 23% 2,748 77%
Italy 2,057 67% 629 31% 1,428 69%
Canada 2,145 72% 439 20% 1,706 80%
India 1,724 65% 521 30% 1,203 70%
Germany | 1,527 71% 431 28% 1,096 72%
Total 76,086  69% 16,160  21% 59,926 | 79%

Table 5-20 Counts of tweets, originals and retweets with linken the top 10 countries and
percentages to totatweetsin each countryin politics dataset

Figure5-17 displays thalistributionof tweets, originals and retweets with links in
the top 10 countries in politicsdataset.The distribution of original/retweets with links

followedthe overall original/retwegiatternof the politics dataset.
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Figure 5-17 Counts of tweets, originals and retweets with links in tke top 10 countries in
politics dataset

USA presergd 30% of tweets, originals and retweets of the whole politics dataset
France preseatl more than 20% of retweets and 15% of originals, thdicates that
Francecontributedproportionatelymore retweets to the politics dataset than originals.

5.3.5 Summary of results by news typeThe characteristics of tweets by news
type exhibied different distributions of originals/s retweets, tweets with hashtagsd
links across the different news typdable 5-21 summarizes the results by news type.
Finance hdthe highest oginals ratio(64%), while politics hal the highesretweets ratio
(73%). Finance tweets kdathe mostlinks (91%), and political tweetshad the most
hashtag$80%). USA represemid 45% ofall finance tweets, UK 11%.e., morethan half
of all finance tweets originated from USA and UK alolmedisaster ®ries the common

three countriesUSA, UK and Indiacontributed around@ialf of total tweetsFrancewas in
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the second placm the top 10 countries in politics tweets because of the Charlie Hebdo

story, which represente@0% of total politicaltweets.The top10 countriedollowed the

overall patterrof original/retweet ratios in tweets with hashtags and links in each dataset.

This is likely becausehese countries represedtsuch a high proportioof each dataset

Indonesia however,showed different d®avior in many scenarios, but since the total
counts of Indonesia’s tweets is reledtively
did not affect the overall result§his findingagrees wittthe finding of (Poblete, Garcia,

Mendoza & Jaimes, 2011p some extent. Aey studiedhe top 10 countries thepund

active in Twitter, andeportedthat Indonesia ranéd first in twees peruser, anchad the

fewest retweet comparedo theother countries

Finance| Disaster | Politics | Overall

Originals = 64% 39% 27% 41%
Hashtags| 31% 57% 80% 60%
Links 91% 70% 69% 7%

Table 5-21 Summary of results by type

Figure 5-18 illustrates the distribution of tweets in finance, disaster @oldics
acrossall participating countries in a log log scakégure5-19 shows the distribution of
tweets in the different news types across the top 10 countries in each news type. The
distributions folloved a power law,althoughthe top 10 charts have less steep sippe
1.38, 1.47 and 23 for finance, disaster and politics respectivdlge dstributions of

tweets with hashtags and Isélso folloneda power law distribution.
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Figure 5-18 Log log scale of the distribution of tweets in financedisaster andpolitics across

all participating countries
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Figure 5-19 Log log scale of the distribution of tweets in financedisaster and poitics across
the top 10countries
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5.4 Characteristics by News Story

In the previoussection,we examined the characteristics for each news type in
general, in this section avanalyze each individual storyhe storiesrepresentingeach
news type were introae in sectiort.1.1 The storiewithin each news type dalifferent
sizes, for instance in finance, Chinese shares stoy 1&84 tweets and Volkswagen
story hal 86,364tweet.However, the analysis revealed simitatiosamong the stories of
the same typ@& most of the characteristiexaminedas presented ifiable5-22, Table
5-23 and Table 5-24, especially in the ratios of tweets Wwihashtags and tweets with
links.

In the following subsectionsthe general characteristics are introduced by news
type and by story. Similar to general characteristics introduced in previous sections, the
general characteristics include the number ofetgeoriginals, retweets, number of
countries, number ofweets with hashtags and links. Thiest column of Table 5-22
shows the full list of the general characteristics examined.

5.4.1 Finance stories.The two finance storiewere the Chinese shares market
fall and the Volkswagen scandalable5-22 displays the general characteristics for each
finance story. Although thievo datasets diffedin size, 6700 versus 4600 they share
similar characteristicsThey both hd higher originalto retweet ratios (81%, 62%l)inks
werefound in 92% of tweets in Chinese share story, and 1#9n Volkswagen story.

Hashtagsvere found in19% of Chinese shares and 38%oVolkswagentweets
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Chinese Shares Volkswagen

Count | %Total ?g\zﬂgzv Count | %Total (Iiot\:\;gle:]tzll
Total Tweets 6,784 86,364
Unique Users 4,014 46,219
Avg. Tweets/ User 1.69 1.87
Unique Countries 114 196
Originals 5,485 | 81% 53694 | 62%
Avg. Originals/ User 1.37 1.16
Retweets 1,299 | 19% 32,670 | 38%
Avg. Retweet/ User 0.32 0.71
Tweetswith Hashtags 1,566 @ 23% 27,069 | 31%
Tweetswith Links 6,273 | 92% 78166 @ 91%
Hashtags & Links 1,483 | 22% 23804 | 28%
Unique Hashtags 480 3,585
Unique Links 4,712 46,883
Originals & Hashtags 1,279  19% 23% 16,278 19% 30%
Originals & Links 5,067 75% 92% 49167 57% 92%
Originals Hashtags & Links = 1,213 18% 22% 14382 17% 27%
Retweets & Hashtags 287 4% 22% 10791 12% 33%
Retweets & Links 1,206 18% 93% 28999 34% 89%
Retweets Hashtags & Links 270 4% 21% 9,422 11% 29%

Table 5-22 General characteristics of the two finance stories

These resultsre consistentwith our earlierfinding thatfinance stories can be
charaterized by having high original/retwesttio,and contairhigh proportion ofinks.

5.4.2 Disaster stories.Disaster storiesvere the Germanwings airlines plane
crash andhe Nepal earthquake. The general characteristics of the two stories are shown
in Table 5-23. Originals ratiowas 52% in the Germanwings,and 28% in the Nepal
earthquake story. Both storiesdalittle more than 50% of tweets with hashtags, roughly

70% of tweets with links, and nearly 75% of originals in both sta@mtairedlinks.
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Germanwings Nepal Earthquake

Count | %Total (I;A)g\:\;ggzl/ Count | %Total (I)?AJeOt\:\I/gI:tZV
Total Tweets 17,351 20796
Unique Users 15282 19060
Avg. Tweets/ User 1.14 1.09
Unique Countries 160 177
Originals 9,064 | 52% 5797 28%
Avg. Originals/ User 0.59 0.3
Retweets 8,287 | 48% 14999 | 72%
Avg. Retweet/ User 0.54 0.79
Tweetswith Hashtags 9,194 53% 12503 | 60%
Tweetswith Links 13086  75% 13607 @ 65%
Hashtags & Links 6,456 | 37% 8834 42%
Unique Hashtags 2,125 2041
Unique Links 10,522 9123
Originals & Hashtags 3513 20% 39% 3158 15% 54%
Originals & Links 7,188 41% 79% 4060 20% 70%
Originals Hashtags & Links = 2,343  14% 26% 1983 10% 34%
Retweets & Hashtags 5681 33% 69% 9345 45% 62%
Retweets & Links 5898 34% 71% 9547 46% 64%
Retweets Hashtags & Links 4,113 24% 50% 6851 33% 46%

Table 5-23 General characteristics of the two disaster stories

The two disaster stories in this datasel ot have same original/retweet ratio
This may be related to the fact that the Germanwings stargifferent countries in its
top 10 list and we have seen in the previous sections that countries have different
behaviors in generaRAdditionally, this stoy wasnot aspurelya natural disastestoryas
the Nepalearthquakestory. Soon dter the crash took placéeadlinestarted announcing
information about the epilot’ medical historyand legal issues associated with incident
So, we anticipatethat the discussion over Twitter took other directotihan a normal
disaster storymight take. Although theNepal earthquake Ha6% more hashtags, and

10%fewerlinks, these percentagae similar to some extent
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5.4.3 Politics stories.The two politics storiesverethe Charlie Hebdo shooting
and the story of the boy who was arrested for inventing a clock that his teachert though
was a bomb. The result of the general characteristics analysis is presefadteb-24.
The two datasets varied size, 170000versus 21000 neverthelessimilarities between
their characteristicean be observedoth stories ha high retweets percentages around
75%, and high percentages of tweets with hash{@@8p in Charlie Hebdo story, and
87% in clock by story). More than 80% of retweets contatthashtags in both storieA.

high number ofweets contaiadlinks in both stories;69% and 7&o).

Charlie Hebdo Clock Boy

Count | %Total (I)'i’();\:\l/gg]tzv Count | %Total th\;'/ggill
Total Tweets 13349 15732
Unique Users 114159 15168
Avg. Tweets/ User 1.17 1.04
Unigue Countries 223 164
Originals 37211 | 28% 3444 22%
Avg. Originals/ User 0.33 0.23
Retweets 96198 | 72% 12288 | 78%
Avg. Retweet/ User 0.84 0.81
Tweets With Hashtags 105525 | 79% 13660 | 87%
Tweets With Links 91665 | 69% 11900 | 76%
Hashtags & Links 71382 | 54% 10366 | 66%
Unique Hashtags 10575 | 8% 820 5%
Unique Links 52046 | 39% 4161 26%
Originals & Hashtags 25748 | 19% 69% 2773 18% 81%
Originals & Links 21973 | 16% 59% 1711 11% 50%
Originals Hashtags & Links = 13090 @ 10% 35% 1267 8% 37%
Retweets & Hashtags 79777  60% 83% 10887 69% 89%
Retweets & Links 69692 52% 72% 10189 65% 83%
Retweets Hashtags & Links 58292  44% 61% 9099 58% 74%

Table 5-24 General characteristics of the two politics stories
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The politics storiesvere somewhat consistent in the original/retweet, tweets with
hashtags, tweets with links ratios.

5.4.4 Top ten countries. Tweets generated for each newsrgtoame from
different parts of the globe. Howeyaach story héda different geographic distribution
of tweets. Table 5-25 presents the top 10 countries for each news steoy.these
countrieswe extracted the number of retw®eoriginals, tweets withashtags and tweets
with links. These results are presentedd\ppendixA.

USA, UK and India appeared in all the six stories, Indonesia in five stories,
France, Netherlands, Canada and Australia in four stories, Germany én stiorees,
Nigeria, Greece and Spain in two, and the rest of the countries appeared in one story only,
including Mexico, Venezuela, Nepal, Saudi Arabia, Pakistan, Malaysia, Thailand,

Philippines and lItaly.

No. | Chines Volkswagen | Germanwings| Nepal Charlie Clock Boy
Shares Eathquake | Hebdo

1 USA USA USA USA USA USA

2 UK UK Spain India France UK

3 India India Indonesia UK UK Malaysia

4 Nigeria Canada UK Canada Netherlands | Canada

5 Indonesia Indonesia Germany Nepal Greece India

6 Australia Australia Mexico Australia Spain Saudi Arabia

7 Greece Nigeria Venezuela Thailand ltaly Indonesia

8 Netherlands ' Netherlands | France Brazil Canada France

9 Canada Germany Netherlands | Indonesia | India Pakistan

10 | France France India Philippines | Germany Australia

Table 5-25Top 10 countries for each news story

5.4.5 Top ten hashtags analysig-or each news stothetweets were processed

to extract hashtags, calculate the frequency of each hashtag and calculate the distribution
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of hashtags. After examining the list of hashtagged by frequencyt was noticed that
hashtags in the top of the list were more meaningful and relevant to the event than the
ones in the bottom of the lisTherefore,more processing was applied to ttop ten
hashtags to find the counts and ratios of tweets, retweets and originals that inclafle any
the top ten hashtag$he result of hashtags analysisows that the top 10 hashtags are
used heavily in all the 6 stories compared to the rest of the¢ggasoninstance 63% of
hashtagsvere from the top 10 hashtags in Volkswagen story, 84% in Germanwings story
and 95% in Charlie Hebdd'he full results ofhashtag analysiare presented by news

type and by storin AppendixB.

5.4.6 Links analysis.Links aralysis was applied to each news story to extract
thelinks and to calculate the frequency of each link. Also the distribution of the counts of
links and the number of links in tweets, retweets, and originals anelgzed Similar to
hashtags analysis, neoanalysis was applied the topl0 links, including analyzing the
counts and ratios of tweet, retweets and originals including any of tHtagks. Link
unshortening and parsing services were employdthdothe domain names of website
sharedtheseresults are provided in Append& Additionally, the domain names of the
top 100 linksof each story were examinagd get an idea of whatind of information
people shaikduring the events used in the study. These results are presented below by
news tye and by news story.

5.4.6.1Finance. Among the links shared in both finance stories originated from
BBC, Economist, CNN Money, and Bloomberg, which is a news site that delivers

business and market news. Other links inatbolder Twitter posts for different acgots.

95



Table5-26 presents the 3 most commdomain name@ each finance story among the

top 100 links.

Chinese Shares| Count | Percent | Volkswagen| Count | Percent
1 | bbc.in 331 27% bloom.bg 2,742 | 23%
2  goo.gl 187 15% bbc.in 1,780  15%
3 | twitter.com 138 11% twitter.com | 1,241 | 10%
Total 656 53% 5763 | 48%

Table 5-26 The 3 most used links in the top 100 links in finance

5.4.6.2Disaster.Table 5-27 presents the 3 mosbmmondomain names each

disaster storyn the top 100 links.

Germanwings | Count

Percent| Nepal Earthquake | Count | Percent

1  bbc.in 184 21% twitter.com 414 28%
2 | twitter.com 176 20% bbc.in 284 19%
3 | cnn.it 131 15% cnn.it 226 15%
Total 491 56% 924 62%

Table 5-27 The 3 most used links in the top 100 links in disaster datasets

The 3 commordomain namesn both storieswere the same, but with slightly

different ranksThe distribution of link use shasdthat few links mae mostlinks, while

the majority of links appeared few times.

5.4.6.3Politics. In politics, most links pointed to other twitter accounis,

addition to BBCand NBC Table 5-28 presents the 3 most commdomain namesn

eachpolitics story among the top 100 links.
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Charlie Hebdo | Count | Percent | Clock Boy Count | Percent
1 twitter.com 4,945 | 69% twitter.com 4,011 | 85%
2 ysoheil.com 1,060 | 15% amp.twimg.com 246 5%
3 bbc.in 547 8% nbcnews.to 170 4%
Total 6,552 | 91% 4,427 | 94%

Table 5-28 The 3 most used links in the top 100 links in politics datasets

5.5 Statistical Analysis

The descriptive analysis provideal deepeibasis forunderstanding the datdo
answer the research quesspthe relationships between tweeting actiatyd news type
and countrywerestatistically analyzedrhe goal of thestatisticalanalysess todetermine
whether the variations between countries and between news types significant.
Additionally, theseanalysesprovide the basis fora model that integratethe different
variables

Statistical testsvereappliedon thetestdataset that combidehe tweets for allsix
storiesfrom the common three countriesSA, UK and India The reason for using this
subset, is due to the difficulty of applying regressionatir235 countriesandbecause of
the consistencfound inthe common 3 countries with the whole database with all the 6
stories in terms of thpercentages of originals, retweets, tweets with hgstdaad tweets
with links aspresented iTable5-2.

Binary logistic regressionvas usedfor analyzing the relationships among the
study variables. Logistic regressios a statistical procedure for creating a prediction
model foran outcome variable that is binaig., takes two values 0 or lyhereO
indicates nonoccurrencand 1 indicatesoccurrence(Verma, 2013).In this study the

outcome variables areriginal (1) or retweet Q), having ahashtag 1) or nda (0) and
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having alink (1) ornot ). The predictive variablegsed in this studgrethe categorical
variables country, news type and the interaction between country and new<gge of
the predictive variable&ountry and news typédave three levelsCountry ha the levels
USA, UK and India, and news tygeas the levels finance, disaster, and politics. The
interaction includes all the different combinations between countryzaws type Thus,
logistic regressionvas applied three timese., creatingthreepredidion modek, onefor
eachof the outcome variableso(iginals, hashtags anlthks) using the two predictive
variables(country, news typeand the interaction terms
In logistic regressionthe dgpendent variable is log odd also called logitwhich

is the probability thathe dependent variable = The regression equatiaos written as
shown inEquation5-1, where B is the interceptand B, B>...B, are the coefficients of
the variables X X....Xn respectively. These variablase the different levels of country
and news type.

n
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Equation 5-1 Regression equation

To interpret the results ofhe regressia analysis, regression coefficiendse
converted into odds ragoThe odds ratio of an event can be defined as the ratio of the
probability of success to the probability of failure. In logisggressionthe odds ratio is
calculated by finding the expent of the coefficient B. Foexample,if the regression
coefficient B is equal to 1.5 then the odds ratiexigonent of(1.5), which is equal to 4.48

(Verma, 2013).
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SPSSwas used for the statistical analysmnducted for this thesiSPSSstarts the
regression analysisprocess by creating dependent variables parameteoding or
“dummy” vasshowa ifhbdeS-29. Since the degrees of freedom for NewsType
is 2, SPSS creates two dummnagriables, Finance and Disaster usiAglitics as the
reference category.e., when both Finance and Disastgeequalto 0. Similarly, country
has two degrees of freedom, so two dummy variables, UK and wetacreated and

USA was used as a reference category, whath UK and India areequal to 0

Frequency Parameter coding
1) (2)
Finance | 57240 1 0
NewsType | Disaster 19004 0 1
Politics | 55931 0 0
USA 99257 0 0
Country UK 21291 1 0
India 11627 0 1

Table 5-29 Dependentvariables coding

The logistic regression analysis starts by creating“ b e gi n northequllb |l oc k”
model with only the constamir interceptin the equationin this casedhe constanis the
coefficient of USA in Politics This null model normally has a predictiopercentage
similar to random guessindlext, the regression proeas with the next blockor model,
which include all the dependent variables and the interactions terms. totad
percentagef the predictionof the full model determinehow well the modl corredly
classifiesthe caseg¢Starkweather & Herringtqr2016. In the following subsectionswe

explain theresults of eachlogistic regressiomest
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5.5.1 Analyzing the relationship between <ountry, NewsType> and
originals. The processof the analysistartedby “ Bl ock 07 or the ni
had an overall percentage of 55%, wher#as full model percentage is 6%/7as shown
in thelower right corner offable5-30, which mears that the prediction of the modelda

improved #er adding the predictive variables.

Predicted
Observed Original Percentage
Retweet | Original Correct
Retweet 52519 20237 72.2
Original = 22416 37003 62.3
Overall Percentage 67.7
a. The cut value is .500

Table 5-30

Step 1 Original

Classification table of originals regression analysis

Table5-31 presents tb chisquarevalug 16620.446and the significanc-value
< 0.09, this resultindicates that the full model wignificantly different from the null
model, and there is a significant effect for including phedictive variables(country,
news typ¢ and the interaction terms on tlreitcomevariable, which is theoriginals

count

Chi-square | df | Sig.

Step 34.102 2 | .000
Stepl | Block | 16620.446 | 8 .000
Model @ 16620.446 8 | .000

Table 5-31 Omnibus tests ofmodel coefficients
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Table 5-32 shows the value of the-2 Log likelihood and Cox & Snell and
Nagelkerke R square valug¥erma, 2013).The -2 Log likelihood was equal to
165264.96 This valuerepresents the unexplained variance or deviation in the dependent
variable, the smallethe value of tle variance the better the fiCox & Snell and
Nagellerke R squarealues araneasurs that explainthe ratio of the variability of the
dependent variable by the independent variables in the model. Nagelkerke R square
measure is moreeliable than the firsfverma,2013).The Nagelkerke R square value in
the model was 0.158, which means that roughly 16% of the variation of the value of

originalscanbe explained by the model.

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square

1 165264.960 118 .158
a. Estimation terminated at iteration nuami3 because parameter estimates changed by less
.001.

Table 5-32 Model summary

In Table 5-33, B represents the logistic coefficient for egmedictive variable,
which is theexpected amount of change in the outcome variable (origiviaén the
predictivevariableis equal to oneThe smaller the value of the coefficient the less effect
it has in predicting the outcome variablable 5-33 alsoincludes S.E. (StandardError)
associated with the coefficientsshich measures the precision of the coeffigighe
smaller thestandard errothe more precise the estimat@ald test which is the ratio of
the square of the coefficient to thgusre of the stadard error, d{degrees of freedom

and significance, which indicates whether or not the logistifficent is different than
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zero.The last column Exp(BXhe exponent of B, whictepresents the odds ratio for each

predictivevariable.

B S.E. Wald df | Sig. @ Exp(B)

Country 34.724 | 2 | .000

Country(1)(UK) -.067 .026 6.616 1  .010 .935
Country(2)(India) 215 | .043 25.152 1 .000 1.240
NewsType 11314.269| 2 | .000

NewsType(1)Finance) 1.533 | .015 | 10902.718, 1 @ .000 4.633
NewsType(2)Disaster) 401 | .02 357.334| 1 | .000 1.493
Country * NewsType 57.974 | 4 | .000

Country(1) by NewsType(1) .108 .035 9614 1 .002 1.114
Country(1) by NewsType(2) .104 .055 3.628 1 | .057 1.110
Country(2) by NewsType(1) -.009 | .054 026 1  .872 991
Country(2) by NewsType(2) -.313 @ .057 29.805| 1 | .000 731
Constant -954 011 8081.058 1 @ .000 .385

Table 5-33 Logistic model for interaction between <Country, NewsType> and originals

Thus,applying Equation5-1 usingthe beta values frorfiable 5-33 andthe levels
of the variables country and news tyyields the regression model fdhe interaction

between <Country, NewsType> and originaspresented ifcquations-2.
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Equation 5-2 Regression equation example



To interpret the resultshemain effectsvere examined first, which are the effects
of country and news typ@ndthe interactionwasexamined nextThe effect of country
on originals generatiohas to be @alyzedwhile keepingnewstype constantsimilarly the
effect of news type must be analyzed while keeping country constant.

Table 5-29, presented earlieshows the corresponding Country and NewsType
encoding,i.e., Country () is UK, Country @) is India,NewsType {) is Financeand
NewsType 2) is DisasterThe overall statisticef Countrywassignificant(p-value <.05,
Wald 34.24 with 2 degrees of freedQnThe comparisonvasbased on USAn politics
asthe reference categes, sotherewas a statistically significant difference in originals
generatiorbetween UK and USA in politicgp-value .0landodds ratio of .85), i.e.,, UK
was0.94 times (6.5%) leskkely to generateriginals in politics tharJSA, and S.E. of
.026 which is relatively smallTherewasa statistically sigificant difference in original
tweets generatiobneween India and USA in politidp-value< .05), Indiawas 1.24 times
more likely to generate originals in politics than USA.

In NewsTypethe oveall statisticsvas significant (p <.05, Wald 11314.27 with 2
degrees of freedoynUSA was 4.6 times more likely to generate originals in finance than
in politics, and 449 times (49%) more likely to generate originals in disaster than in
politics.

The odds ratiosdiscussed aboweere directly obtained from the modgiownin
Table5-33, however the odds ratio to compare the rest of the variables are calculated by
the method explained in (Vittinghoff, Glied, Shiboski & McCulloh, 2005). For
instance, to find the odd ratio for UK vs. USA in finance, first the coefficient of ifUK

Finance)is calculated by adding the beta values forfthlewing: Constant, UK, Finance
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and the interactiomerm between UK and Finance, similarlyetitoefficient of (USAIn
Finance) is obtained, and then finding the exponent of the difference between the two
values.If the pvalue of a variable or an interaction term is insignificaimgn the beta

value for this variable is omitted from the calcwatiThese odds ratios are presented in
Table 5-34andTable5-35.

UK was almost the same as USA in generating originals in all news types, the
differenceswere between 4% and 6.5%ndia was 1.24 times (2%) more likely to
generate originals than USA in both finance and politics respectively, and 0.907 times
(9%) less likely to generate originals than USA in disaster. wd&g1.190 times (B%)
and 1.326 (33%) more likely to generate originals than UKaih finance and politics

respectively, and 069 (3%) less likely to generate originals than UK in disaster.

Finance | Disaster | Politics
UK vs USA 1.042 0.935 0.935
India vs USA | 1.240 0.907 1.240
India vs UK 1.190 0.969 1.326

Table 5-34 Odds ratios of comparing countries in generating original tweets

Table5-35 presents the odds ratios for comparing news types. Comparing finance
with both disaster and ptts, all countriesvere 3 — 4 times more likely to generate
original tweets in finance than idisaster and 4.5— 5 times more likely to generate

original tweets in finance than politics.
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USA UK India
Finance vs Disastel 3.102 | 3.456 | 4.2&
Finance vs Politics| 4.632 | 5.160 | 4.632
Disaster vs Politics| 1.493 | 1.092 | 1.092

Table 5-350dds ratios of comparing news types generating original tweets

The difference between disaster gralitics across countriewasnot as high as
the differencedetweenfinanceand both politics and disasteDisasterwas 1.493 times
(50%) more likely to generate original tweets than politics in USA, and 1.092 times (9%)
in UK and India.

Odds ratiosare used to compar®vo countries or news types to one anotagr
shown above. However to find the probabilities of generating originals for each
individual country in each news typdsguation 5-3 was appliedto calculate these

probabilities.

l
o]
M

Equation 5-3 Probability equation

The coefficients of each country and news type combination was obtained, as

illustrated in Equation 5-2, then the exponent of this coefficiemtas calculated

(Q E and divided by 1+Q ).

Table5-36 presents the probabilities of generating original tweets in eachtry
and new type. The probabilitiegere higher in finance (0.64 0.69) than both disaster
ard politics in the 3 countriesDisaster hd higher probabilities of generating originals

than politics in the 3 countries as well.
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Finance | Disaster | Politics

USA | 0.64 0.37 0.28
UK 0.65 0.35 0.26
India | 0.69 0.34 0.32

Table 5-36 Probabilities of generating originals in all news types and countries

5.5.2 Analyzing the relationship between <ountry, NewsType and
hashtags The result of applyig logistic regression to analyzitgshtaggeneratd a

null modelwith an overallpercentagef 54.5%, and a full model with a percentagef
72.%%. This indicatesthat the prediction of the model has imprdvafter adding the
predictive variablesThe chisquare valuavas 29891.399 with a p-value of less than
0.05,i.e, thefull model wassignificantly different from the null model, and theves a
significant effect for including the predictive variablegyuntry, news typeand the
interaction terms on hashtags courtte -2 Log likelihoodwas equal t0152,264.71and
Nagelkerke R square value in the modes 0271, which means that roughB7% of the
variation of the value ofiashtagcan be explained bghe model.Tables showing these
results are provided in Appendix

Table5-37 presents the logistic model for analyzing hashtagspvkeall statistics
of Country wa significant (pvalue < .05, Wald26.477 with 2 degrees ofréedom).
Similar to orignals analysis, the comparisamas based on USA and politics as the
reference categories.

The result showea statistically significant difference in the use of hashtags

between UK and USA in politic§p-value < .05), UK was 1.15 times more likely to
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generatéhashtag in politics than USAThe difference between India and USA in politics
was notstatistically significant(p-value.218> .05).

NewsTypehad an overall significant difference(p-value < .05,Wald 19715.718
with 2 degrees of freedoin Financewas 0.108 times (89%) less likely to include
hashtagsn tweets than politics in USAnd disastewas 0.340 times (66%) less likely to

include hashtags in tweets than politics in USA.

B S.E. Wald df | Sig. | Exp(B)

Country 26477 2 | .000

Country(1)(UK) 141 1 .029 23,560 1 .000 1.152
Country(2)(India) -.059 | .048 1520 1  .218 .943
NewsType 19715.718| 2 | .000

NewsType(1)XFinance) -2.221 | .016 | 19683.423| 1 | .000 .108
NewsType(2)Disaster) -1.079 | .021 2587.057, 1 | .000 .340
Couwntry * NewsType 234912 4 | .000

Country(1) by NewsType(1) .064 .038 2872 1 | .090 1.066
Country(1) by NewsType(2) -.144 | .055 6.847 | 1 | .009 .866
Country(2) by NewsType(1) .127 @ .058 4815 1 | .028 1.136
Country(2) by NewsType(2) .747 @ .062 145603 | 1 | .000 2111
Constant 1.297 | .012 12542.735 1 .000 3.660

Table 5-37 Logistic model for interaction between <Country, NewsType> anttashtags

The rest of the odds ratios were calculaded presenteoh Table5-38 and Table
5-39. UK was 1.151 times(15%) more likely to generate hashtags than USA in finance,
andhad about the samedds ratio as USAn disasterComparing India and USAndia
was nearly twice as likely © generatedweets withhashtags in disastet4% more in
finance. India versus UK, Indiavas 2.117 times more likely to generate tweets with
hashtags in disaster,872 times (13%])ess in financeand 0.819 times (18%) lesm

politics.



Finance | Disaser @ Politics
UK vs USA 1.151 0.997 1.151
India vs USA | 1.135 2.111 1.000
India vs UK 0.986 2.117 0.868

Table 5-38 Odds ratios of comparing countries in generating tweets with hashtags

The odds ratios of India versus both USA and UKgenerating tweets with
hashtags imisasterwere 2.11 and 2.13yhich were largestodds ratios in the model for
comparing countries.

Table5-39 presents odds ratios for compa@rinews types while keeping country
constantFinance was0.319 times §8%), 0.369 times(63%) and0.172 times 83%) less
likely to include hashtags in tweets thatisasterin USA, UK and India respectively.
Comparing finance and politics, finane&s 0.109 times 89%) less likely to include
hashtags in tweets than politics in USA, UK, ant3 times §8%) less likely to include
hashtags in India.astly, disaster tweetwere 0.717 times 28%) less likely to include

hashtags in both UK and India comyate political tweets.

USA | UK India
Finance vs Disastel 0.319 | 0.369 | 0.172
Finance vs Politics| 0.109 | 0.109 | 0.123
Disaster vs Politics | 0.340 | 0.717 | 0.717

Table 5-39 Odds ratios of comparingnews typesn generating tweets with hashtags

These rsults show that finance exhibitelifferent behavior in generating tweets

with hashtags within each of the 3 countries. Finamas thelowest in terms of tweets
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with hashtagsand the largeslifferences arebetween finance and politics. Additionally,
these resulivere similar within each country.

Table 5-40 presents the probabilities of generating tweets with hashtags in each
country and newtype. The probabilitiesvere hgher in politics (0.78- 0.81) in the 3
countries than both disasterdafimance.Disaster hd higher probabilities of generating

hashtags than finance in the 3 countries.

Finance | Disaster | Politics

USA | 0.28 0.55 0.79
UK 0.33 0.55 0.81
India | 0.30 0.71 0.78

Table 5-40 Probabilities of generating hashtags in all news types and countries

5.5.3 Analyzing the relationship between €ountry, NewsType> and links.
The result of applying logistic regressiém analyzethe relationship between country,
news type and linkead a null modeland full model with the sameverall percentage
78.%%. The reasorfor this similarity was becausdinks were in more than 50% in all
countries across all news types as s tabulation iTable5-41 reveals That explains
the reason why adding tliependent variable® the modeldid not add to the value of

the predictiorof the model
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NewsType

Total
Finance Disaster Politics
USA 3,955 3,728 13,283 20,966
NoLink UK 1,116 691 2,568 4,375
India 678 1,562 938 3,178
USA 38,267 9,096 30,928 78,291
Link UK 8,931 1,485 6,500 16,916
India 4,293 2,442 1,714 8,449

Table 5-41 Counts of links in the 3 countries across the 3 news types

The-2 Log likelihoodwasequal t0129,063.67and Nagelkerke R square value in
the modelwas 0.099, which means that roughl§0% of the variation of the value of
hashtags can be explained by the model. Tables showing these results are provided in
AppendixD.

Table5-42 presents the logistic model for analyziiks. The overall statistics of
Country is significant (fvalue < .05, Walad8.433with 2 degrees of freedom). Similar to
originals and hashtaganalysis, the comparisomnas based on USA and pdlis as the
reference categorie¥herewasa statistically significant difference amoadj countries
and news types as indicated in thig. column.UK was1.087 timeg9%) more likely to
generate tweets with links than USA in politics, while Indasabout0.785times (22%)
lesslikely than USAto generate tweets with links politics. USA wasabout 4 time more
likely to generate tweetsith links in finance than in politics, and orly048 times §%)

more in disaster.
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B S.E. Wald df | Sig. | Exp(B)

Country 48.433 | 2 | .000

Country(1)(UK) .083 .026 10.712 1 | .001 1.087
Country(2)(India) -242 | .042 33423 1 .000 .785
NewsType 5516737 | 2 | .000

NewsType(1)Finance) 1424 | .020 | 5248.405| 1 | .000 4.155
NewsType(2)Disaster) .047 | .022 4506 | 1 | .034 1.048
Country * NewsType 52991 4 | .000

Country(1) by NewsType(1) -.273 | .044 38552 1  .000 .761
Country(1) by NewsType(2) -.210 | .056 14059 ' 1 | .000 .810
Country(2) by NewsType(1) -.182 @ .061 8.815 1 | .003 .834
Country(2) by NewsType(2) -.203 | .056 12909 1 | .000 .816
Constant 48.433 | 2 | .000 2.328

Table 5-42 Logistic model for interaction betwe=n <Country, NewsType> and links

The rest of the odd ratio for comparing countries while keeping news type
constantare presented ifTable 5-43. UK was 0.827 times (17%)essand 0.881 times
(12%) less likely to generate tweetstiwvlinks than USAin both finance and in disaster
respectivelyIndiawasalso less than USA 3654 times 85%) and0.641times 86%) in
finance anddisaster respectively. Indiaas less than UK by0.791 times 21%), 0.728

times(27%) and0.723 @8%) in finance, disaster and politics respectively.

Finance | Disaster | Politics
UK vs USA | 0.827 0.881 1.087
India vs USA | 0.654 0.641 0.785
Indiavs UK | 0.791 0.728 0.723

Table 5-43 Odds ratios of compaing countries in generating tweets with links

Table5-44 presents the odd ratios of comparing news types while keeping country
constant.Finance odd ratios across all otties rangedrom 3 to 4 timesi.e., finance

wasmorelikely to includelinks in tweets than disaster and politics. While disastes
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about1.048 times %) more likely to have links than politics in USAisaster also is

0.856 times 14%) less likely to have linkghan politics in UK and India.

USA UK India
Finance vs Disastel 3.963 | 3.721 | 4.047
Finance vs Politics | 4.154 | 3.161 | 3.463
Disaster vs Politics| 1.048 | 0.856 | 0.856

Table 5-44 Odds ratios of comparing news types in generating tweets with links

These results shad that financetweetshad different behavior in generating
tweets with links than both politics and disastealirthe 3 countries. Finance dhaiigher
odds ratios for generating tweets with links, and these resnét similar withineach
country to some extent.

Table 5-45 presents the probabilities of generating tweets with links in each
country and new type. The probabilitiegre generally high across all news types and

countries, buhigher in finance (86— 0.91) than both disaster dmpolitics.

Finance | Disaster | Politics

USA | 091 0.71 0.70
UK 0.89 0.68 0.72
India | 0.86 0.61 0.65

Table 5-45 Probabilities of generating links in all news types and counies

5.5.4 Statistical tests summary.The summary of theesultsof the statistical
testsare presented ifable5-46. In general, all the testsd high chisquare valuedigh

significant levels (.000) and higl2 log likelihood, tlese high valuesre expected



becauseof the large sample sizéMoyé, 200§. Also the S.E. in all the resultwas

relatively small indicating that the coefficients estimatasfairly precise

. . - Nagelkerke
Chi-square | df | Sig. | -2 Log likelihood R Square
Originals | 16620.446 | 8 & .000 165264.96 .158
Hashtags | 29891.399 8 @ .000 152,264.71 0.271
Links 8794.306 | 8 | .000 | 129063.67 .099

Table 5-46 Summary of statistical tests results

The logistic models for interactiobetween <Country, NewsType> and originals,
hashtags and linksyere statistically significantHowever the variation among news
types in generalwas greater than the variation among countriest Fstance the
maximum difference among countries in or@jinweets generation was betwekndia
and USA, with odd ratimf 1.33.In hashtags, the largest difference was also between
India and USA, and India and UK, with odds ratio of around@wvever,regardingnews
type in finance all countriesere 3 to 5 tmes more likely to generate originals and links
thanpolitics and disasteFinance wa$1% to 83% less likely to generate hashttgm

bothpolitics and disaster, thefiadingsare summarized ifable5-47.

User Behavior New Types USA | UK India
iqinal Finance vs Disastel 3.102 | 3.456 | 4.242
Originals Finance vs Politics | 4.632  5.160 4.632
Hashtags F?nance VS Dis.a-stel 0.319 | 0.369 | 0.172
Finance vs Politics| 0.109 | 0.109 | 0.123

Links Finance vs Disastel 3.963 | 3.721 | 4.047

Finance vs Politics | 4.154  3.161 | 3.463

Table 5-47 Summary of the large odds ratios scored in the different regression model
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These resultshowed that news typavas more influential than country on user
behavior. Theseresultsare consistent with our descriptive analyssultspresented in
section 5.3. Finance exhibd different behavias from the other two news typesin
generatingoriginals, retwees, tweets withlinks andtweets withhashtagsfinance hd
larger originalretweetratio, moretweets with links andewer tweets with hashtagisan

disaster and politics
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Chapter 6 Discussion

In the previous chapter the detailed results of eacalysisconducted were
presentedby country, news type and news storyatStical analyss wereconducted to
evaluatethe relationship between country, news type and user participation. The main
focus of this chapter is texamine howthese resultgould expandhe knowledge and
understanding of the differeaserbehaviors dring the types ofnewseventsused in the
study This understandingvould providethe basis fordevelopingmethods that could
improve the user experience in simi@ntexts To achieve this understating, the first
step is to answer the research questiblext a summary of all the results is provided.

6.1 RQ1: Is there a relationship betweencountry and the type of user behavioin
Twitter?

The descriptive analysis conducted to analyze the relationship between country
and the different types of user paipition, the use of originals, retweets, hashtags and
links, showed thabverall user behaviorfor all countries top 10 and common ®as
different.

Thelogistic regressiomnalysesonductedo modelthe relationships betweehe
common 3countiesanduser behawr, provedthat relationships exisandcountrywasa
significant factor inall the different participation for these countriesTable 6-1
summarizeshe odds ratios of the regression analysis restiies second columin the
table display the countries compareaid asterisks are placed near the larger vglies

0.20.

115



Countries Finance | Disaster | Politics
UK vs USA 1.042 0.935 0.935
Originals | Indiavs USA | 1.240* | 0.907 1.240*
India vs UK 1.190 0.969 1.326*
UK vs USA 1.151 0.997 1.151
Hashtags Indiavs USA | 1.135 2.111* 1.000
India vs UK 0.986 2.117* 0.868
UK vs USA | 0.827 0.881 1.087
Links India vs USA | 0.654* 0.641* 0.785*
Indiavs UK | 0.791* 0.728* 0.723*

Table 6-1 Odds ratios of comparing countries in generating original tweets, tweets with

hashtags and tweets with links

The resultsalso showed that distributiors of tweets amongll the participating
counties and among the top 10 countrisslowed a powerlaw distribution in all the
different behaviors, with rmexponentof -2.4, whereas the top 10 countriéslowed a
power law distribution but with exponent ef.3 This finding is consistent with the
finding of Caoand Caverle€2014) where the study reportédat a fewlinks have been
usedup to 100,000 times, wheredbe majority of linkshave beerusedonce or twice
The exponent value explains the relationship between the counts of tweets and the
couwntries, i.e., the higler exponentfor all countriesreflects that thenumber ofcountries
with high counts arenuch fewerthanthe number o€ountrieswith low counts Thelower
exponentfor the top 10 countrieseflects the same fact, but with lessriaklity among
countriesthan the case with all the countridsor instance, in the case of the higher
exponent, if we assume thide number of countries with highcounts arehe first 10,
then the numbeof countries withthe lower couns is 225 whereaswith the case of the
lower exponent (théop 10countries) if we assume that the number of countries with

higher courg is the first 3countries then the number of countries with fewer tweets
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would be 7,the difference is 4, hencégss variability than the casewith the larger
exponentIn the followingsectionsa broader discussion is provided for the descriptive
analysis and the regression model for each participation type.

6.1.1 Is there a relationship between country and the generation of original

tweetsor retweets?By referring to the results by country presented in se&i@nit

can be observed thdor all countries theparticipatiors in terms of the numleof
originals and retweets variezbnsiderably The USA generate around35% of all the
tweets the nextin the rankwas France which generated around 12% of all tweets, and
that may bealue toCharlie Hebdo storywhich had 61% of all the tweets in the database.

By examning the results by news story (section 5.4) found that the
distribution of participating countriediffered with news event change. For instance, in
the Germanwings airplane crash stothie plane departed from Barcelona, Spam
Dusseldorf, Germanyand crashed in France, the countries Sp@ermany and France
appeared in the top 10 list. While close proximafycountries to the evemight be one
of the influential factorsother factorsemergedafter analyzingother news typesror
instance Nigeriaappeared in the top 10 list of Chineseaf®s story, and had a relatively
high retweet ratio. Aong the reasons fddigeria high participation is thatChina is a
major trading partner for most Africazountries(BBC, 2015). Mbreover Nigeria and
China establiskd diplomatic relations in 197Thus Nigeria became aajor source of
oil for China, nearly90% of Nigeria's expoiis oil (Geopolitical Futures, 2016), and in
return China supported Nigeria economically and politically (Wikipedia, 2016). When the

Chinese market collapsed, it affected ynanuntries around the world including Nigeria,



whichrecorded losses of arou@@8 billion Nigerian Nairanthe day of the event, which
is equivalent tmround722 million USD(Ventures, 2015).

The model of the relationship between <Country, NewsTypad originals
presented in sectioh.5.1, showed that countryrasa significant factoin the generation
of originals. The variation between countries in original tweets generationdvéoen
3% to 33% among the different newypes. Thesmallest differencewerebetween USA
andUK, while larger odds ratios wefeundbetweernindia and both UK and USAyhere
India was 24% and 33% more likely to generate originals théime USA andthe UK in
political news, andindia also 2% mote likely to generate originals than USA in finance.

Il n some <cases, the difference between ¢
factors such as language, population, economy level, technology use, and closeness to
origin of the news evenOther varigions didnot havesuchdirect explanatiog) and may
need further investigation. For instance, India geneffa®sdr original posts thathe UK
andthe USA in disasterj.e., India generated more retweeti§ could be due to the
closeness of India tthe Nepal earthquake, as people tend to retweet more in such
disastrous situation@Hdansen et al., 20}1In politics, Indiawasmore likely to generate
originals than both UK and USA, this case is an example of a scenario that need further
research. The diéfrences betweethe USA andthe UK was relatively smaller, for
instance UKwas4.2% more likely to generate originals than USA in finance, and 6.5%
less likely to generate original tweetsdisaster angolitics.

Table 6-2 sumnarizes the descriptive and statistical analysis results for the
relationship between country and originals. As the table shows, the descriptive results

were consistent with the statistical resulche differences between USA and Wkere
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relatively snall, whereas the differencdsetween Indd and both USA and UKvere

larger.
Descriptive— % Total -
Comparison Within Country Statistical
Finance Disaster Politics Finance | Disaster Politics

UK/ USA 65% vs 64% | 37% vs 37%  27% vs 28%  1.042 0.935 | 0.935
India/ USA | 69% vs 64% | 34% vs 37%  32% vs 28%  1.240* @ (0.907 1.240*
India/ UK 69% vs 65% | 34% vs 37% | 32% vs 27% | 1.190 0.969 1.326*

Table 6-2 Descriptive and statistical analysis results summ for t he relationship between

country and originals

The discussion above shewow the reldonship between countries and the

generation oforiginal tweets differ.However, in the analysis of the top 10 countries

provided in section 5,2he 3common countrie were among the countries with higher

originals ratios compared to the rest of the top 10 countries. Fordastd8A,UK and

India generaté higher ratios of originals compared to the other countries in the top 10

list, and together they make more ti#%0 of originals of the whole databa3&erefore,

the variatiors amongall countriesare expectedo belargerthan among the 3 countries,

and thepowerlaw distribution of countries in original generation across all news types

supports this finding.



6.1.2 Is there a relationship between country and the use of hashtags?
Hashtags use across countriesiecas Table 5-4 shows, for instance 83% of France
tweetscontainedhashtags, 72% in Netherlands, and 70% in SpReferring toTable
5-3, which presents retweet ratios in the top 10 countries, we foundhighathashtags
ratios were associated with high rewets ratios. For instance, 83% of France tweets
containechashtags, and 75% of France tweetseretweets.

The distributiors of tweets originals and retweetwith hashags of the top 10
countriespresented ifFigure5-2, showedthat all countriehadhigher counts of retweets
containing hashtags than originasgerall except forindonesia.However, onthe story
level, most tweets in Chinese share stovgre originalswithin eachof the top 10
countries, except for Nigeria, which lth higher retweet ratio than originals, and
represergd more than 50% of all retweets with hashtagthia story. The distribution of
tweets with hashtags in the whole database among all coufuiimsed a powerlaw
distribution.

The common3 countries makeoughly half of thetotal originals with hashtags
(47%), andhadhigher ratios of originals wh hashtagsf the total original with hashtags
in the whole databasthan retweets. This result miglmdicate that these English
speaking countrieszere creating more hashtags than retweeting existing ones.

As presented in section 5.5.2, the logistiod®l for analyzing hashtags cha
significant overall statistidor Country, i.e., the hashtags uga was different among
countries. @ds ratiodor comparing countrieare presented in the Hashtags row able
6-1. The largest ifferenceswere between India and each of UK and USA in disaster

news, as Indiavastwice as likely to generate tweets with hashtag than USA and UK.
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That could be due to the Nepal earthquake event, in which India was in the second
country in the top 10 lisfor that story. The other differences between countries in
tweeting with hashtagsnges froml3% to 15%. For instancelJK was15% more likely
to generate tweets with hashtags than USA in finance

Table 6-3 presents the summary descriptive and statistical analyses for the
relationship between country and hashtags. The descriptive resutsconsistent with
statistical results, for instance, the statistical result indicates thatviradia times more
likely than both UK and UA to generate tweets with hashtags in disaster, and the
descriptive result shows that 72% of India disaster tweets contained hashtags, whereas

hashtagsverein 56% and 55% of USA and UK disaster tvgreispectively

Descriptive— % Total
Comparison Within Country
Finance Disaster Politics Finance | Disaster = Politics
UK/ USA 33% vs 29%  55% vs 56%  81%vs 79% 1.151 @ 0.997 | 1.151
India/USA | 30% vs 29% 72% vs 56%  78% vs79% 1.135 | 2.111* | 1.000
India/ UK 30% vs 33% | 72% vs55% 78%vs8% @ 0.986 @ 2.117* @ 0.868

Statistical

Table 6-3 Descriptive and statistical analysis results summ for the relationship between
country and hashtags

Countries behavior in generating tweets with hashtags diffeifisagtly as the
regression analysis show. somecaseswe were able to justify the difference, such as
the case where India was more likely to genetsishtagsn disaster stoes. In other
casesno clear reason for the different behavior, for examplé was more likely to
generate tweets with hashtags than US and India in finance, and in politics.

6.1.3 Is there a relationship between country and the use of linksThe

descriptive statisticshowed that thergvas a variation among countries in genergtin
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tweetswith links. USA generates a little more than third of the tweets, originals and
retweets with linksAs presentecearlierin Table5-5, Indonesia hdthe largest ratio of
tweets with links, Canada come next, and USA aKda@rein the third rank.

Additionally, the top common countries, USA, UK and India make more than
52% of originals with links of all originals with links in whole database. That might
indicate that these countribadthe larger portion of users cregithe tweets with links,
more than the rest of the countries.

There was a statistically significant difference among countries in generating
tweets with links as indicated in section 5.5.3. WKsabout 9% more likely to generate
tweets with links than U& in politics, while Indiawas about 22% less than USA in
politics. The larger differencesere between India and USA, Indiaas about 35% less
likely to generate tweets with links than USA in both finance and disaster news.

Table 6-4 presents the summary of descriptive and statistical analyses for the
relationship between country and links. The descriive thestatisticalanalyses reflect
the same resultdor instancethe descriptive result shows that Indiad iaks in 86%o0f
tweets in finance, and USA 94, andthe statistical result indicates that Indvas 35%

less likely to generate tweets with links in finance

Descriptive- % Total
Comparison Within Country
Finance Disaster Politics Finance | Disaster Politics
UK/ USA 89% vs 91%  68% vs 71% 72% vs 70% 0.827 | 0.881 | 1.087
India/USA | 86% vs 91% 61% vs 71%| 65% vs 70% | 0.654*  (0.641* @ 0.785*
India/ UK 86% vs 89%  61% vs 68%  65% vs 72% 0.791*  (.728*  0.723*

Statistical

Table 6-4 Descriptive and statistical analysis results summ for the relationship between

country and links



Link sharing activity in the 3 countries vary, the comparisons between UK and
USA showed less variations, than the comparisons involved India. was less likely to
generate tweets with links than both USA and UK, with greater variations with USA.

6.2 RQ2: Is there a relationship betweemews type and the type of user behawian
Twitter?

The descriptive statistics by news types showed that behaivissers change as
news type changdzinance hd the highest originals ratio, 64% of total finance tweet,
politics hal the highest retweets ratio, 73%. Finance twhkatfinks in 91% of them, and
political tweetscontainechashtags in 80%®isasterhad 40% originals links in 70%, and
hashtags in 57% of thetal disastetweets

The logistic regressiomodels showedthat news typewas significant in the
relationshipbetween <Country, NewsType> and the different user behaviors including
generatingoriginals \ersis retweet, using hashtags and including lidkgng the events
used for this studyTable 6-5 summarizes thesesults the second column in the table

display thenews typesomparedandasterisk areplaced near thatger value¢> 0.20)

USA UK India

Finance vs Disastel 3.10% | 3.456* | 4.24*

Originals | Finance vs Politics | 4.632* | 5.160* | 4.632*
Disaster vs Politics | 1.493* | 1.092 1.092

Finance vs Disastel 0.319* | 0.369* | 0.172*

Hashtags| Finance vs Blitics | 0.109* | 0.109* | 0.123*

Disaster vs Politics | 0.340* | 0.717* | 0.717*

Finance vs Disastel 3.963* | 3.721 * | 4.047*

Links Finance vs Politics | 4.154* | 3.161* | 3.463*
Disaster vs Politics| 1.048 0.856 0.856

Table 6-5 Odds ratios of comparing news types containing original tweets, tweets with

hashtags and tweets with link@mong the 3 common countries
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From the results presented in the tablgginals and linksodds ratiosverehigher
in finance compared to the otheews types among all countries, and hashtags odds ratios
were lower in finance tharboth disaster, angolitics. Next, a detailed discussion is
provided for the relationship between news type and each of the different behaviors.

6.2.1 Is there a relationship between news type and the generation of

original tweets or retweets?The descriptive analysis presented in section 5.3 showed

that originals ratiosvere different among news types, 64%, 39% and 27% in finance,
disaster and politiceespectively.

The distribution of originals and retweets in all news tyjodswed a powerlaw
distribution. Figure 6-1 presents the log log scale of the distribution of originals counts
across all countries, anéigure 6-2 presents the log log scale of the distribution of

originals counts across top 10 countries.
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The distributions among all countriggad exponents values of aroun@.2 in
finance and2 in politics and disaster. In thep 10 countriesthe exponentsf the slope
of the linehadthe values1.5,-1.3 and-1.1 in financepolitics and disaster respectively.

In the model of analyzing <Country, NewsType> and originals, the overall
statisticswassignificant. Financevas3 to 5 times more likely to generate original tweets
than disaster and politics across the three countries. The differences between disaster and
politics in original tweetgreationwasnot as high as the case of finance. Desastieets
were50% more likely to be original than politics in USA, and only 10% more in UK and
India. The characteristics by news type presented in section 5.3 support these results,
where original tweets ratiosere 64% in finance, 39% in disaster and%2n politics.

Table6-6 summarizes the descriptive and statistical results.

Descriptive— % Total
Comparison Within Country
USA UK India USA UK India

FinanceDisaster | 64% vs 37% @ 65% vs 37% | 69% vs 34% | 3.10Z | 3.456 | 4.24%*
FinancelPolitics 64% vs 28% | 65% vs 27% | 69% vs 32% | 4.632* | 5.160* | 4.632*
DisasterPolitics 37% vs 28% | 37% vs 27% | 34% vs 32% | 1.493* | 1.092 | 1.092

Statistical

Table 6-6 Descriptive and statistical analysis resuft summay for the relationship between
news type and originals

The table show that the odds ratio is aligned with the parentages generated from
the descriptive analysis. Originals in financed the largest odd ratios compared to
politics in UK, USA andIndia respectively, and finance chalso larger odds ratio
compared to disaster in India, UK and USA respectively.

6.2.2 Is there a relationship between news type and the use of hashtagdt

characteristics bynews type results presented in section SBowed that tweets
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percentages with hashtaggere 80%, 57% and 31% in politicsdisaster ad finance
tweets respectivelyThese ratiosvere higher than ratios reported I8hi et al. 016,
where the studgtated that tweets with hashtagpresented 25%l his would indicate
that users tend to use more hashtags during specific events as opposed to chatting about
every day activity.

The rati of original/retweet in tweets withashtagavere also different in each
news type. In finance the original/retweet ratidweets with hashtagsasaround 640,
30/70 in disaster an@5/75 in politics. Similar to originals distributionshe distribution
of hashtag counts across countiiesll news typegollowed a powerlaw distribution.

The regression analysis resulietween <Country, NewsType> and hashtags ha
an overall significant pvalue < .05. Similar twriginals, the differences in tweets with
hashtagsvas greater between finance and both disaster and politics as presented in the
Hashtags row imable6-5. Financewas68%, 61% and 83% less likely to have hashtags
in tweets than disaster in USA, UK and India respectively. In finance versus politics,
financewas 90% less likely to have hashtags in tweets in USA, and 88% less likely to
have hashtags in tweets in both UK and India. Lastly, disaster tweet66% less likely
to include hashtagkan political tweetsn USA, and 28% less likely to include hashtags
in both UK and India

To summarize these results, tweets with hashteggeless in finance tweets than
in politics and disaster tweets across the three countries, and that might reflect the nature
of finance posts, which are normally written by financial experts amternedusers,
and include information and analytics aboutwarent financial situation, rather than

spreading some kind of breaking news like in politics and in disaster, where people use



hashtags to guarantee that their post would reach the maximum number of interested

audienceTable6-7 summarizes the results of the descriptive and the statistical analyses.

Descriptive— % Total
Comparison Within Country
USA UK India USA UK India

FinanceDisaster | 29% vs 56% @ 33% vs 55% | 30% vs 72% | 0.31% | 0.369* | 0.172*
FinancePolitics 29%vs 79% | 33% vs 81% | 30% vs 78% | 0.109* | 0.109* | 0.123*
DisasterPolitics 56% vs 79% @ 55% vs 81% | 72% vs 78% | 0.340 | 0.717*| 0.717*

Statistical

Table 6-7 Descriptive and statistical analysis results sumng for the relationship between
news type and hashtags

The results of the descriptive analygisreconsistent with the statistical analysis.
Hashtagswvere more likely to be in politics tweets more thaatlp disaster and finance
tweets, andhe differencewas greater betweendfitics and finance, thathe difference
betweenpolitics and disastefThis result agrees with the findings Bbgdanov et al.
(2014) presented in the literaturen their work, they found that the politics tophad
many more hashtags compared to thesotategorieghey studied including business,

celebrities, sports, science and technology

12¢€



6.2.3 Is there a relationship between news type and the use of link§he
characteristics bypewstype results presented in section 5.3 showed that tweets with links
percentagesvere91%, 70% and 69% in finance, disaster and politics tweets respectively.
The ratios of original/retweet in tweets with linkere different in each news type. In
finance the original/retweet ratio in tweets with linkasaround60/40, 40/60 in disaster
and 2575 in politics. Similar to originals and hashtags distributions, the distribution of
links counts across countries in all news tyfoiewed a powerlaw distribution.

Table5-44 presents the odd ratios of coanmg news types generating tweets
with links while keeping country constant. Finance odd ratios across all countries ranges
from 3 to 4 times as likely to have links in tweets than in disaster and politics. While
disasterwas about 5% more likely to & links in than politics in USA, and 14% less
likely to have links than politics in UK and Indigrom these results, we conclude that the
use of linkswasmore in finance news, that még because when themeasa financial
event, such as stock price gropeople need to understand the influences and the
consequencesf such an event, and this elaboration migged more than 140 characters
so users tend to share links to articles that have more informa@herexamination of the
top 10 links shared iboth finance stories supports this assumption, where links to BBC,
CNN Money, Economist, and Bloomberg were in that top 10 list, the full list of links in
the two finance stories is available in Appen@ix

Table6-8 summarizeshe results of descriptive and statistical analyses. The table
shows that the odds ratio is consistent with the parentages generated from the descriptive

analysis.
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Descriptive— % Total
Comparison Within Country
USA UK India USA UK India
FinanceDisaster | 91% vs71% | 8% vs68% | 86% vs61% | 3.963 | 3.721* 4.04F
FinancePolitics 91% vs70% | 8% vs 2% | 86% vs65% | 4.154 | 3.16% | 3.46%F
DisasterPolitics | 71% vs70% | 68% vs72 | 61% vs65% | 1.048 | (0.856 @ 0.856

Statistical

Table 6-8 Descriptive and statistical analysis results summary for theelationship between
news type and links

Links in financehadthe largest odd ratios compared to politics in USA, India and
UK respectively Financewas more likely to haveihks thandisaster in India, USA and
UK respectively. Comparing disaster and politics, disaggeiess likely to have linkin
UK and India, but slightly more in USA.
6.3 RQ3: Is there a relationship between <Country, NewsType> and user

participation in Twi tter?

This questiorinvestigatesvhether an interaction betweeauntry and news type
exists. By applying the interaction model of regression analysis, we found thatvtgere
an interaction between county and news type in the different user behawable 6-9

summarizes these results.

Country * NewsType Wald df | Sig.

Originals 57974 4 | .000
Hashtags 234912 4 | .000
Links 52.991 4 .000

Table 6-9 Interaction between country andnews type Wald and significance

This interactionvasan integral part of the analysis and the answers to questions 1

and 2 involved the interaction in the calculations of odd ratios and probabilities.
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However,if the pvalue of an interactiowas insignficant the corresponding beta value

was not added to the regression equation, hence the insignificant wasenot

considered in the calculation of odds ratios or probabilities.

6.4 Summary of findings

The discussion abovprovidesdetailed answerghe resarch questions, in this

section a summary of all the research results is provitlable 6-10 summarizes the

answers to the research questions.

RQIL RQ2:News Type RQ3:
Country Finance Disaster Politics Interaction
Answer Yes Yes Yes
Overall 41% 64% 39% 27%
Top 10 25%76% 53%93% | 33%73% 21%35% Significant
Originals = Common 3 | 44%4% 64%69% | 34%37% 27%32% except:
C1: .28.64 UK+ D
Regression| C2:.26.65 | .64-.69 .34-.37 .26-.32 India + F
C3:.32.69
Answer Yes Yes Yes
Overall 60% 31% 57% 80%
Top 10 41%83% 29%-47% 31%72% 77%85% Significant
Hasht@s Common3 55%-56% 29%-33% 55%72% 78%-81% except:
. C1:.28.79 UK + F
Regression| C2:.33.81 | .28.33 5571 .78.81
C3:.30.78
Answer Yes Yes Yes
Overall 7% 91% 70% 69%
Top 10 67%90% 869%098% 61%-90% 63%72%
Links Common3  73%-7% | 86%91% | 61%71% | 65%72% gnificant
C1:.70.91
Regression| C2:.68.89 | .86-.91 .61-.71 .65.72
C3:.6%.86

Table 6-10 Summary of findings
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Thethree columns presitthe three research questiorRQT col umn shows

overall percentages and thangeof variability across countries. Overall, top 10 and

common 3 rows represertiet descriptive parof the analysisThe descriptive results

showed that news typdiad more effect on participation than country, and the statistical
part proves thiginding. Country participation variedased on some knowfactors,such

as closeness to the event, economic relations anddgagther variations are associated

with unknown factors.

Beside answering the research questions, the analyses conducted revealed some
additional findings:

1. By country

a. The distributions of tweets by countries followed a pelaer distribution,similar to
a Zipf curve and that includes retweets, original, tweets with hashtags and tweets
with links.

b. The Top 10 countries generated nearly three quarter of theiiatals in the whole
database, and the common 3 generated around 50% of all tweets.

c. The topl0 and the common 3 countribad similar patterns of the use of originals,
retweets, tweets with hashtags and tweets with links to total tweets in each of them.
The common 3 countries created higher ratio of new content, rather than retweeting.

2. By news tpe

a. Financenews tweetshad distinct user behavior, finance twedtad more original
tweets, more links and less hashtags.

b. Politics tweetshadthe largest number of hashtags, compared to disaster and finance

tweets.



c. The retweet mechanism is an importanttéa for spreading hashtags and links in
disaster and politics tweets. Hashtags occur more in retweets, than in originalh, in bo
disaster and politics tweets.

d. Retweetswere used more in disaster and breaking news, e.g. Nepal earthquake,
Charlie Hebdo ah clock boy storiesThis resultis consistentwith the finding of
(Wang & Zheng, 201% presented in the literatur€he study stated that trsengle
spike patternpattern that happen as result of an eveada larger retweet ratio.

e. The distribution ofinks used also followed the powkaw distribution, i.e.few links
wereshared many times, and large number of lwkseshared few times. The same
applies for hashtags.

f. BBC appeared in the top 3 most shared links in 5 stories, and since the sed&s u
the studyhad global interest, this may indicate that this news agency has more
worldwide recognition The resultfound by Bhattacharya and Rg@2012) presented
in the literaturesupports this findingwheretheyfound that BBC had the maximum
article spread and longest lifespdran the other news sources they investigated

6.5 Limitations

6.5.1 Keyword search. To create the datasets for the news stories selected,
keyword search was used to retrieve relevant tweets from DNLP (Dalhousie Natural

Language Ricessing) research group dataset, which is a collection of tweets gathered

from the Twitter stream. The returned tweets from the keyword search normally contain a

fraction of irrelevant posts, which may affect the analysis results. The other drawback of

usng keyword searchp find enough tweets for a story, we had to use the hashtags used
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in the story by the tweeters. Thifluencedthe number of tweets with hashtags retrieved
by the search, which might yield to a slight inaccuracy in the analysis.

6.5.2 User location. The location of the tweeter can be obtained from user
profile; however,these geographic locations do not necessarily indicate the real physical
location or nationality of the user. Additionally, this field is a user defined tietdlefore,
it could be inaccurate or incorre&nother limitation with locationswasthe errors in
geocoding. Wer location may contain incorrect location name s u c h as ‘He a
however, the geocodenappedit to some real location. Finding geographic locations of
users accurately is an open research area, and may require other methods such as the
analysis of friendship networks (Ren, Zhang, & Lin, 2012), and contents analysis (Cheng,
Caverlee & Lee, 2010).

6.5.3 Dataset size.The number of stories used in the stweyslimited to six
stories. This number might be insufficient to draw general conclusions. Due to the time
and resources constraints we kept the data limited to this size. Also, the sizes of the
stories datasets vary. Although it is preferable in researciiving more than one sample
to keep samples sizes equal or near equal, in our case, the large variation between datasets
sizes could not be avoided. Since were dealing with real events, and real data, these
variationswerelikely to happen, and they tett the size of the event. The last limitation
with size involve the use of the 1% sample of twitter stream, this mayirfavencedthe

rate of tweets per user, which might be larger if the full Twitter stream was analyzed.
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Chapter 7 Conclusion and Future Work

The discussion provided in the previous chapter highlighted the findings of the
study of the relationships between countr.i
In thischapterwe provide a summaryf the research, contributi@nd future work.

7.1 Summary

News sharing is one of the most popular activities in Twitteer 85% of topics
are headline news or comments about ndwsthis study we aim to investigate the
relationship between newgpes, geographic locations and some of thlements that
characterize wusers’ behavior or participat
retweet, the use of hashtags and the use of links. We formulated three research questions,
and proposed the methodology that will enable answering these queshenssearch
guestions are:

RQ1: Is there a relationship between country and the type of user participation in
Twitter?

RQ2: Is there a relationship between news type and user participation in Twitter?

RQ3: Is there an interaction between country and news?yAnd if interaction exists,
how does it influence the user participation in Twitter?

We found thatuser behavior is related tmuntry, news type and the interaction
between country and news typdsers from different geographic locations redct
differently to the different news events. Countrggeratd varying numberof tweets,
for instance the top 10 countriegeneratd 73% of all the tweetsand the 3 common
countries USA, UK and Indiageneratd 47% of all tweet.Additionally, the common

counties contributd more in creating original contents comphte the rest of the 223
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countries inthe dataset.The investigation also revealed tltae behavior of aountry

may beexplained partiallyby factors such as, thdose proximity to the origin ofthe

event e.g. India in Nepal earthquake story, whether ther@conomic or diplomatic

relations between the country and the country of the event origin e.g. Nigeria and China,
and whether the countrginvolved in the event, e.g. Spain in Germanwinigse crash.

These examples are associated with the news stories under investigétenent

scenarios may have different explanatio@emec ount r i es’ behaviors
explainedwithin the scope of this research, and furtirgquiry of ¢ o u n tsociale s’
economic, political situations might be neededdhbtain knowledgeableexplanationof

their behaviors.

The descriptiveanalysis for the three news types datasets showedutsae r s’
behaviorvaried considerably by the type of newsinancehadthe highestproportion of
originals(64%), politics hadthe highesproportion ofretweety73%). Finance tweets lta
the mostlinks (91%), and political tweets contaedthe moshashtag$80%).

Statistical analyss were conducted to create three logistic neggion interaction
models, one for each dependent variable (originbhshtags and links) and the
independent variables country, news type, and the interaction term country*news type.
Country has three levels, USA, UK and India, and news type has #wals, Ifinance,
disaster and politics. The results of the regression analysis segffetresultdrom the
descriptive analysis. Odds ratios for comparing countries showed variations ranging from
4.5% to 33% whereas odd ratios for comparing news typege from -89%to 5 times.

News types variationgere greater than countries variations. Finasto®dout with high
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odds ratio in generatingoth original tweets and tweets with linkand low odds ratios in
generating tweets with hashtagsmpared tdoth politics anddisaster news

The dstribution of tweets among all countries in the whole datalfaiewed
powerlaw distribution, where high coubf tweetsweregenerated by few countries, and
high number of countries generated few tweet. The digiob of retweets, originals,
tweets with links and tweets with hashtagsfallowed the same pattern, in the whole
database and ithe individual news types datasets. The same applies for links and
hashtags shared in each story, few hashtag and linksaigap large number of times,
while the majority of theother hashtagand linksappeared few times.

A framework for applying the methodology used in this research include the
following steps:

1. Defining ohectives and research questions to identrfyat theresearch is trying to
find outand why.

2. Colleding data using live stream pre-collected setof tweets.

3. Preprocesag the tweets including both cleaning and formattingisTstepdepends
on the objectives of the study, for insta if sentiment anadys is required théweet
text should be cleaned by eliminating symbols, and misspelled words.

4. Collecting additional data, such as geographic locati@ss appropriate for the
research question

5. Storingall the collecteddata inanaccessibléorm for quick and efficient retrieval and
to allow the extracton of otherdescriptive data, such as couatsl averages

6. Understanohg thedata,through descriptive analysis, including summarizing data

identify trends in the data
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7. Perform appropriate statisticanalysis on the data test the hypothesis posed by the
research questions and to find relationships anstundy variabls.

8. Using the results of thstatistical proceduresach hypothesis is testaddanswers to
research questions clearly articulated

7.2 ResearchContributions

The mainresearctcontributionsof this research study are:

1- We found that there are relationships between countries, news types and user behavior
for news related tweets

2- Applying logistic regression to analyze the relationshigsvéenthe variables of the
study is an appropriagpproach for modeling Twitter data, countries and news types.

3- Geographic locationsan be usetb analyzethe distributionof tweets in addition to
traditional information propagation methods.

4- News type istronglycorrelatedtas s er s’ behavior.

5- News typeh a s a stronger rel ati ons lgeogaphit o use
location

7.3 Implications of Research Findings

The findings of the research study provide insight on how the different user

behaviors (hd#ags, links and retweetsjere used across news type and countries for

some news events. This knowledge could be employed in various social media

applications, such as news recommendation, hashtag recommendation, filtering, map

based social media appligats and disaster management.

Based on the finding of the studye provide the following recommendations:
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The bdnaviors of users by country variettpending on the type of events among
other factors. Understanding outliers or shifts from expectatifms,instance
Indonesia or Nigeria may be useful in the design ofties filtering methods and
location-aware news recommendations.

Tweets with hashtags and tweets with links showed different patterns among
countries. Combining this knowledge with awestigation of the hashtags and links
used by each country, would be useful in recommending hashtags and links and
popularity prediction for users based on their location.

The top 10 hashtagsere used heavily in most of the stories examined, 49986 of

the hashtags used were from the topH®wever, the top 10 links were rnioéquently

used in the tweets. Thisfinding could be utilized when designing news
recommendation usingashtags and links

Investigating user behavior in finance related tweetsldc@ssist in both price
prediction research and marketing applications.

Studying changes in user participation behavior by location during disasters could
help in disaster management and awareness, by recognizhsigeoposts vs
comments from further awa

The findings of this research would aid in the design and implementation ef map
based browsing applications. Finding hashtags, links and sentiment by country or by
city, could also be incorporated in such application.

Twitter is a rich source of socialata, considering collaboration between computer

science and social science would provide more insight for further research.
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7.4 Future Work

Twitter usages an active research area, nevertheless research involving countries
and associated behaviors are tedi Thisresearchstudyprovidedsomei nsi ght on wus
behaviors in global political, financial and disaster events. Other genre of news, or
perhaps other storiestich as sports or entertainmentld be investigated to fill the gaps
in understandingf other aspects of user behavior.

The popularity of smart phones and location aware devices, in addition to the
availability of geocoding and mapping servicescourageus todevelop a prototype of a
mapbased browsing application for nensatedtweets Employing the findings and the
knowledge gained from this study, would give the opportunity to create a visual
framework for finding tweets along with their geographic distribution. Finding hashtags,
links and sentiment by country or by city, could dgoincorporated in thframework.

The use of Ashtags is widely adopted feature in social media and in Twitter in
particdar. Research involving hashtagcommendations now emerging as a result of
this wide use of this feature. Using social networllgsis as well as user locatiarould
allow the suggestion ohashtags based on tiype of newsand geographic location.
Additionally, information retrieval or machine learning methods can be employed to
explore the area of hashtags ranking and recomrntienda

In the early stages of the study, sentiment analysis was applied to tweets and
stored in the database, but not used. In the future we intend to analyze sentiment in
conjunction with news types and countri@gplying sentiment analysis to newslaed
tweets provide an insight on public opiniomgjich journalists and news curatosgek,

especially during political events.
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Social media applications are advancing ma@drate, howeverthe human factor
still hasa substantiaimpact on shapinghe way informatiorsharedin social media. In
this study the behavior of social media users was analyzedsidering two dimensions,
geographic location andews type. The results indicdtéhat user behavior is greatly
affectedby the type of newsyhile geographic location lsdess influence on the behavior
of users. Br instance people tend to write more original tweets inahce tharpolitics
and disaster, and include more hashtags in politics that finance and diBastendings
of this studycoud assist researches and develeperareas concerning modeling user

behavior, detecting anomalies, filtering, ranking and recommendajtst@ms
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Appendix A— Characteristics of the Top 10 Countries by News Story

The top ten countries for each news story were presentedtionsgel, below we
show the analyses of the use of originals, hashtags and links in the top ten countries in
each news story.

Original and retweets

Tweet, original and retweets raw counts in top countries in each story are shown
in Figure A-1. Generally, the distributions followed a power law distribution, with some
variations among the stories. Both finance stories showed higher counts of originals,
while disaster and politics stories had higher retweets counts.

Ratios of twets, aiginal and retweets to total tweetsiiginal and retweets in
each story erossthetop 10 muntriesare presented iRigureA-2. In Chinese shares story
USA accounted for around 35%, UK and Nigeria 15% each, of total rstweedisaster
stories, and in Germanwings story in particular, around 40% of all retweets were
originated from USA and Spain, whereas in Nepal earthquake story around 50% of all
tweets were originated from USA and India, in retweets and originals tilos ve¢re
almost the same. In Charlie Hebdo around 50% of total retweets originated from USA
and France, while in clock boy story 50% of retweets were originated from USA.

FigureA-3illustrates the ratios of originals and retwseetithin each of the top 10
countries. As introduced earlier the ratios of originals were higher in finance stories as the
orange bars of the figure indicateor@rarily, in politics, stories showed higher retweets
ratio. Disaster stories showed inconsisteatios, high originals ratio in Germanwings

story and high retweet ratio in Nepal Earthquake story.
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Hashtags

Figure A-4 shows the hashtags distribution among the top 10 countries in each
news story. In finance stories originals count including hashtags were higher than
retweets, exept for Nigeria in Chinese shares story. In disaster stories retweets with
hashtags counts were higher except for Indonesia and Ven@&zue&manwings story.

In both politics stories retweets with hashtags were more than originals.

Figure A-5 shows the ratios of tweetsyiginal and retweets to total tweets,
original and retweets containing hashtags in each stomysathe top 10 @untries In
finance more than 50% of retweets with hashtags were originated from Nigeria, in
Volkswagen story around 50% of originals originated from USA and UK, and the same
for retweets. In Germanwings story around 45% of retweets, and 40% of originals with
hashtags came from USA and Spain, while in Nepal earthquake story more than 55% of
originals ad around 55% of retweets with hashtags originated from USA and India.
Lastly in Charlie Hebdo story 50% of retweets with hashtags originated from USA and
France, and about the same for originals, and in clock boy story USA makes 50% of
retweets with hashgs, and originals as well.

Figure A-6 presents originals and retweets with hashtags ratio within each of the
top 10 countries in each story. In both finance stories, originals with hashtags ratio were
higher than retweets, exddpr Nigeria in chines shares story which showed the opposite.

In most of the countries in disaster stories the retweets with hashtags ratio were higher,
however, Indonesia, India and Venezuela had different ratios, were the originals with
hashtags ratiowere higher. In both politics stories the retweets with hashtags ratios were

higher than originals in all of the top countries.
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Links

Figure A-7 displays thecounts of tweet, original and retweets containing links in
the top 10 conmtries. In finance, similar to the distributions of originals and hashtags,
originals with links counts were more than retweets. In disaster stories, and in
Germanwings story in particular, originals with links counts were more than retweets,
while in Nep& earthquake story retweets with links were more than originals. In politics,
retweets with links counts were higher than originals with links across all the countries in
both stories.

Figure A-8 presents the ratios of tweetsjginal and retweets to total tweets,
original and retweets containing links in each stocyoasthe top 10 countries. USA
accounted for 25% to 50% of all tweets with links, in all stories. In finance, and in
Chinese shares story, USA, Nigeria and UK preskapproximately 60% of all retweets
with links, and around 50% of originals. In Volkswagen story more than 50% of tweets
with links came from USA and UK, with similar distributions for originals and retweets.
In Germanwings story more than 40% of retwestth links originated from USA and
Spain, and more than 45% of originals with links came from USA, Spain, Indonesia and
Mexico. In Nepal earthquake story more than 60% of tweets originated from USA, India
and UK. Lastly, in politics and in Charlie Hebdtory, more than 50% of retweets with
links originated from USA and France, and in clock boy story more than 50% of retweets
with links originated from USA.

FigureA-9 illustrates the ratios of originals and retweets with linkhiw each of
the top ten countries in each story. In finance, both stories have higher link sharing ratio

in originals than retweets, except for France in Chinese shares story, where the ratios of
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retweets and originals were equal. In disaster storiegjifftributions were not consistent,
in Germanwings originals with links ratios were higher than retweets, except for France
and Spain. In Nepal earthquake story, retweets with links have higher ratios in all
countries. In both politics stories the retvgeeith links ratios were higher than originals

in all countries.
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Chinese Shares Volkswagen

0.4 0.5
0.35
0.3 04
0 023 0.3
0.15 | 0.2
0.1
0.1
003 I III II II_ lll 1l EEm mEsm -_I 0 III III lll nl_ mml sEs sms ssE =
%v Do > & v & 2 D> o & )
0% v \ ‘ngp & \\f’é\\@" 24 \@bdb&b ({s‘ﬁ‘\o S \b\ o @b&‘@\ <\'§ ‘\.9;'\ \r§ {\‘b? {5&’*&
\Q Ao Y\@%‘ & W \ﬁ'}' Gy
Germanwings Nepal Earthquake
0.35 0.45

0.4
0.35
0.3

0.3
0.25

0.2 0.25
0.15 0.2

E “| [,
0.1
00(5) II I il m III I el wn ame 0.0 |I| “l BIn sBE emm BN e mmm on

< L

& & rP ‘\‘0 5 S > D> N 2 &
Q% Q e" N <§ q;, \{\ S b \‘5 b’ éQ S \‘DQ & ‘9\ -
& ‘6\‘*@ “ & ~ SN Q””&"‘”\\Q‘?
Charlie Hebdo Clock Boy
0.3 0.6
0.25 0.5
0.2 0.4
0.15 03
0.1 0.2
0.05 0.1
0 III [T 0 | LI N
it c?* > WS B T S G I
Q% \‘§\ O@e‘ %Q \@ @ b 6{\‘%9 N “a G‘f& W \?-@ bo& Q@ Q,q\’é: Q%'Q@
%,5 o b hod

® Tweets with Links ™ Originals with Links =~ ™ Retweets with Links

Figure A-8 Ratios of tweets, dginal and retweets with links to total tweets, dginal and
retweets containing links in each story erossthetop 10 @muntries

15¢



Chinese Shares

1.20
1.00

0.80
0.60
0.20
) [ || [ ||

i év x ® PP ¢

& & & & \‘§ q& &‘5’”\
e@ ?9 Oe&’é & <
Germanwings

0.8
0.6

04
0.2 I I I

o

@@6&@@\‘00

C:,
0 -6,0 é@, ’:(4‘ \
\'0 6
.%
Charlie Hebdo
0.9
0.8
0.7
0.6
0.5
0.4
03
0.2
0.1
0
% & b‘ &
N \@ 0‘ Q S
’Q CJ 6@
%é'
® Originals with Links

Volkswagen

0.8
0.6
04
0
QCD ) r& \\)éér'a\.‘éeg,‘o &\é\ & Q@Q
\’»\ kad 8&0 &
Nepal Earthquake
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
& \3&' b\; & &"' \‘9 &
N S
Clock Boy
12
1
0.8
0.6
04
0.2
0
:;;" ,0 b‘?‘ b’,@' ‘*Q\% 6;\ ) "b
© ¥ Y*& 50 ‘5{{%& \\f’é
S ka
%‘D
= Retweets with Links

Figure A-9 Ratios of originals and retweets \ith links within each of the top 10 countries in

each story



Appendix B—Top 10 Hashtags Analysis

Finance stories

The top 10 hashtags in each finance story are presenteti@B-1. Hashtags in
Chinese shares story included wordshsas news, worldnews, china, aisa, world, bbc,
and business. Two hashtags weunrelated these are focusonmeiscomingand
sharehumanityin Volkswagen story hashtags included the words volkswagen, auto, scandal, and

martinwinterkornwhich is the name dhe chairman of the board of directors. The hashtags news

and business appeared in both stories.

No. | Chinese Shares Count | Volkswagen Count
1 news 329 volkswagen 12,870
2 business 176 emissions 2,102
3 bbc 82 news 1,623
4 china 65 VW 1,246
5 world 51 business 990

6 focusonmeiscoming | 43 scandal 636

7 chinese 41 tech 545

8 asia 37 autos 481

9 sharehumanity 35 breaking 451

10 | worldnews 35 martinwinterkorn 429
Total 894 21,373

Table B-1 Top 10 hashtag in finance stories

In Chinese shares story hashtags were in 23% of all tweets, while the top ten
hashtags appeared in 11% of all tweets, and tweets with one of the top ten hashtags made
47% of tweets with any hashtag, as showrnTable B-2. Originals and retweets with
hashtags have similar percentages to total tweets, however, the top 10 hashtags appeared
in only 6% of retweets. In Volkswagen story hashtags were in 31% of all tweets, the top
ten hashtags were in 20% of all tweeind 63% of all tweets with hashtags contained one
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of the top 10 hashtags, i.e., most of the hashtags used in Volkswagen story were from the
top ten. Originals and retweets with hashtags had similar percentages to total tweets with
hashtags, however, thep 10 hashtags appeared in 15% and 27% of originals and

retweets respectively.

Chinese Shares Volkswagen

Characteristic

Count | % Count | %
Tweets with Hashtags 1566 23% | 27069 | 31%
Tweets with one or more of top 10 Hashtags 742 11% | 17075 | 20%
% Tweets of Top 10 to Tweets with Any Hashtag 47% 63%
Originals with Hashtags 1279 23% 16278 30%
Originals with One or more of Top 10 Hashtags 664 12% | 8310 15%
% Originals of top 10 to originals with hashtag 52% 51%
Retweets with Hashtags 287 22% 10791 33%
Retweets with One or more of Top 10 Hashtags 78 6% 8765 27%
% Retweets of top 10 to Retweets with hashtag 27% 81%

Table B-2 Top 10 hashtags analysis for finance stories

Figure B-1 illustrateshashtags counts distribution in finance stories, Biggdire

B-2 shows thdog log scale of hashtags counts distribution in finance stories.
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Figure B-2 Log log scale of hashtags counts distribution in finance stories

Disaster stories

The top 10 hashtags in each disaster stoeye presented inTable B-3. In
Germanwings storythe first hashtag was used in the search for related tweets, other
hashtags include germanwings, airbus, lufthaardreaslubitz, which is the name of the
pilot, and crasha32n Nepalearthquake story hashtags incldaepalearthquake, nepal,
earthquake and kathmandu which is the name of the city where the earthquake happened

The hashtag newsas the only one thaippeared in both stories.



No. | Germanwings Count | Nepal Earthquake Count
1 germanwings 6,951 nepalearthquake 7,919
2 4u9525 1,085 nepal 2,855
3 a320 277 earthquake 2,292
4 lufthansa 192 nepalquake 600

5 news 186 msghelpearthquakevictin 505

6 germanwingscrash | 171 prayfornepal 469

7 andreaslubitz 169 kathmandu 296

8 crasha320 168 nepalquakerelief 194

9 accidenteaereo 108 india 184
10 | airbus 88 news 130
Total 9,395 15444

Table B-3 Top 10 hashtags in disaster stories

In Germanwings story tweets with hashtags made 538l dfveets, and the top
ten hashtags were in 44% of all tweets as showralrie B-4. Hashtags and the top ten
hashtags were more in retweets than originals, 69% and 63% in retweets versus 39% and
27% in originals. Tweets with enof the top 10 hashtags made 84% of tweets with any
hashtag, 70% in originals, and 93% in retweets. In Nepal earthquake story tweets with
hashtags made 60% of all tweets, and the top ten hashtags were in 56% of all tweets.
Hashtags and the top ten hasktagtio were slightly higher in retweets than originals,
62% and 59% in retweets versus 54% and 46% in originals. Tweets with one of the top 10

hashtags made 92% of tweets with any hashtag, 84% in originals, and 95% in retweets.
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Germanwings | Nepal Earthquake

Characteristic Court | 9% Court %

Tweets with Hashtags 9194 | 53% | 12503 60%
Tweets with one or more of top 10 Hashtags 7711 | 44% | 11559 56%
% Tweets of Top 10 to Tweets with Any Hashtag 84% 92%
Originals with Hashtags 3513 39% 3158 54%
Origin als with One or more of Top 10 Hashtags 2449 @ 27% 2651 46%
% Originals of top 10 to originals with hashtag 70% 84%
Retweets with Hashtags 5681 69% 9345 62%
Retweets with One or more of Top 10 Hashtags 5262 63% 8908 59%
% Retweets of top 10 to Retwes with hashtag 93% 95%

Table B-4 Top 10 hashtags analysis for disaster stories

FigureB-3 presentdiashtags counts distribution in disaster stories FaguareB-4

presents the log log scale of hashtags counts distribution in disaster stories.
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Figure B-3 Hashtags counts distribution in disaster stories
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Figure B-4 Log log scale of hashtags counts distribution in disaster stories

Politics stories

The top 10 hashtags in each politics stamgpresented ilTableB-5. In Charlie
Hebdo story, the top two hashtagsre used in the search for related tweets, andriagt
explairs the large counts. Other hashtags inctudearis, france, parisshooting,
jesuisahmed, which is a name of one of the victims, and afp which is a name of a French
news agency. Similarly, in abx boy story, the first hashtag was used in the keyword
search to find relevant tweets. The rest of the hashtags idakatds such as notabomb,

media, blacklivesmatter and ahmedmohamed.

No. | Charlie Hebdo Count | Clock Boy Count
1 charliehebdo 63,366 | istandwithahmed 13,459
2 jesuischarlie 46,144 | thankyouforstandingwithm( 153
3 paris 1,625 ahmedmohamed 122
4 chaliehebdo 1,556 target 83
5 parisshooting 1,377 notabomb 72
6 afp 1,064 islamophobia 57
7 france 1,041 blacklivesmatter 52
8 noussommescharlie| 826 inners 47
9 marcherepublicaine | 808 solidarity 40
10 | jesuisahmed 670 media 37
Total 118,477 14,122

Table B-5 Top 10 hashtags in politics stories
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In Charlie Hebdo 79% of all tweets contained hashtagd, 75% of all tweets
contained one of the top ten hashtags as presenfieablaB-6. Hashtags and the top 10
hashtags were more in retweets than originals, 83% and 80% in retweets versus 69% and
62% in originals. Tweets with enof the top 10 hashtags made 95% of tweets with any
hashtag, 90% in originals, and 96% in retweets. In clock boy story 87% of all tweets
contained hashtags, 86% of all tweets contained hashtags. Hashtags and the top 10
hashtags had higher ratios in rettgethan originals, 89% and 88% in retweets versus
81% and 77% in originals. Tweets with one of the top 10 hashtags made 99% of tweets

with any hashtag, 96% in originals, and 99% in retweets.

Charlie Hebdo | Clock Boy

Count % Count %
Tweets with Hashtag 105525 | 79% | 13660 87%
Tweets with one or more of top 10 Hashtags 99794 | 75% | 13476| 86%
% Tweets of Top 10 to Tweets with Any Hashtag 95% 99%
Originals with Hashtags 25748 | 69% 2773  81%
Originals with One or more of Top 10 Hashtags | 23155 | 62% 2668 77%
% Originals of top 10 to originals with hashtag 90% 96%
Retweets with Hashtags 79777 83% 10887 89%
Retweets with One or more of Top 10 Hashtags 76639 80% 10808 88%
% Retweets of top 10 to Retweets with hashtag 96% 99%

Table B-6 Top 10 hashtags analysis for politics stories

FigureB-5 presents hashtags counts distribution in politics storiesk-ude B-6

presents the log log scale of hashtaggibution in both politics stories.
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Appendix C—Top ten links analysis

Links analysis was applied to each news story dataset to extract links and to
calculate the frequency of each linkso, the distribution of the counts of links and the
number of links in tweets, retweetsnd originals wereanalyzed Similar to hashtags
analysis, more analysis was applied to the top ten links, and link parsing services were
employed to examine the links sources. Top ten links analysis included analyzing the
counts and ratios of tweet, ragats and originals including any of the top ten links. In the
following subsections, links analysis is presented by news type and by story.

Finance stories

The top 10 links in each finance story are presentetlalrie C-1. In Chinese
shares story links shared were from BBC, Economist, and Bloomberg, which is a news
site that delivers business and market news. Other links include other Twitter posts for
different accounts. The same websites appeared in Volkswagen story, innatbd(@ihN

Money.
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No Chinese Shares Count Volkswagen Count
" URL/ Unshorten domain URL/ Unshorten domain

1 htt_p://t.co/kr4KT|vLAK 127 http://t.co/5ZD5WGI9PJ 1336
twitter.com bloom.bg

2 http:_//t.co/aMIFThEYf? 84 http:_//t.co/ULlwmQEOJc 797
bbc.in bbc.in

3 http:_//t.co/GbutZOSnR? 83 http://t.cq/JGZmeGAlz 406
bbc.in cnnmon.ie

4 http:_//t.co/LIqQAEstu 20 http://t.co/ezIvzgMnpa 375
bbc.in bloom.bg

5 http://t.co/EyrtbV50LT 64 htt_p://t.co/ZJ7szdBNh 296
econ.st twitter.com
http://t.co/d4GAJfZvGG http://t.co/QiOooe2Lvo

6 50 280
bloom.bg bloom.bg
http://t.co/D3tDpHCof8 http://t.co/wl2PVNCcERu

7 : 46 : 191
twitter.com cnnmon.ie
http://t.co/mHFNQrwWQYc http://bit.ly/1IxXC

8 42 . 190
xhne.ws www.scriptlance.com
http://t.co/gvlojgefcR http://t.co/178X4LWOMy

9 ; 42 : 187
bbc.in www.latimes.com

10 htt_p://t.co/quUEd62qZ 35 http://t.co/DOchXCDbt 180
twitter.com nyti.ms

Total 643 4168

Table C-1Top 10 links in finance stories

Generally, link sharing activity in finance news stories was high according to the
results introduced in section 5.3, however, the top 10 links appeared in less than 10% of
all tweets, which indicates that links shared in finance events include more \driety
links than hashtags. In Chinese shares 92% of all tweets contained links, and 9% of all
tweets contained one of the top ten links, as presentédhie C-2. Links and the top 10
links ratios were slightly higher in retweetsathoriginals, 93% and 45% in retweets
versus 92% and 12% in originals. Tweets with one of the top 10 links made 10% of
tweets with any link, 1% in originals, and 48% in retweets. In Volkswagen story 91% of
all tweets contained links, and 5% of all tweatsitained one of the top ten links. 92%

and 89% of originals and retweets respectively contained links, and 12% and 45% of
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originals and retweets respectively contained one of the top ten links. Tweets with one of
the top ten links made only 5% of tweetstwany link, 0% in originals, and 14% in

retweets, these results are showmatleC-2.

o Chinese Shares Volkswagen
Characteristic

Count % Count| %

Tweets with Links 6273 | 92% | 78166 91%
Tweets with a Link from top 10 Links 643 9% | 4168 5%
% Tweets of Top 10 to Tweets with Any Link 10% 5%
Originals with Links 5067 @ 92% 49167 92%
Originals with a Link from Top 10 Links 62 12% 205 8%
% Originals of top 10 to Originals with Any Link 1% 0%
Retweets with Links 1206 93% 28RV9 89%
Retweets with a Linkfrom Top 10 Links 581 45% 3963 12%
% Retweets of top 10 to Retweets with Any Link 48% 14%

Table C-2 Top 10 links analysis for finance stories

FigureC-1 presents the links counts distribution in finance stories Fagare C-2

presents the log log scale of links count distribution in finance stories.
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Figure C-2 Log log scale of links counts distribution in finance stories

Disaster stories

The top 10 links in each disaster story are presentedrable C-3. In
Germanwings story links shared included some news sites, like BBC, RT and CNN.
Other sites included flights news websites, such FlightRadar24 and AIRLIVE. Similarly,
in Nepal earthquake story links shared included news website such asBBENand

ABC.
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Germanwings Nepal Earthquake

No. URL/ Unshorten domain Count URL/ Unshorten domain Count
http://t.co/FHoX6q0GHt http://t.co/ESFhO3tnSi

1 : 48 : 87
www.flightradar24.com cnn.it
http://t.co/lyecmaFK8JC http://t.co/ivwv02aGAY3

2 g 36 . 59
twitter.com www.supportunicef.org
http://t.co/yNIWbNJImYI http://t.co/hTcl4KvOM5

3 . 31 . 56
bbc.in bbc.in
http://t.co/zU6hn03xzU http://t.co/8ix4HGFurO

4 29 . 39
on.rt.com bbc.in
http://t.co/iwlQLzJQKW http://t.co/3BT0911QZ4

5 . 29 . 35
bbc.in bbc.in
http://t.co/LtGgg9BUQgF http://t.co/iIMVRmMI3AS

6 27 34
cort.as tw.appstore.com
http://t.co/HAhU3MmIiMf http://t.co/ZetrMJxtrC

7 . 24 . 32
cnn.it bbc.in
http://t.co/wFg8KTSve2 http://t.co/lyXKplsBixf

8 e 22 29
www.airlive.net abcn.ws
http://t.co/VxulYtdujU http://t.co/hCyjO7YyS7

9 22 . 29
Ipce.co cnn.it
http://t.co/ZH3wXGxyUn http://t.co/ROXUNuoxj4&aé

10 18 26
es.rt.com goo.g!

Total 286 426

Table C-3 Top 10 links in disaster stories

As introducedin section 5.3, links were in 70% of all tweets in disaster stories
combined. Similar to finance stories, the top ten links were not highly shared in tweets. In
Germanwings story 75% of all tweets contained links, and 4% of all tweets contained one
of thetop ten links, as presented Tiable C-4. 79% of originals contained links, but non
from the top ten appeared in any original tweet. In retweets, 71% contained links, and 9%
contained one of the top ten links. Tweets with ontheftop ten links made 6% of tweets
with any link, 0% in originals, and 13% in retweets. In Nepal earthquake story 65% of all
tweets contained links, and 5% of all tweets contained one of the top ten links. 70% of
originals contained links, and no link frothe top 10 appeared in any original tweet. 64%

of retweets contained links, and 6% contained one of the top 10 links. Tweets with one of



the top 10 links made only 7% of tweets with any link, 0% in originals, and 10% in

retweets, these results are shawmableC-4.

Characteristic Germanwings | Nepal Earthquake
Count % Count %

Tweets With Links 13,086 | 75% | 13,607 65%
Tweets With a Link From top 10 Links 765 4% | 958 5%
% Tweets of Top 10 to Tweets with Any Link 6% 7%
Originals With Links 7,188 | 79% @ 4,060 70%
Originals With a Link From Top 10 Links 0 0% |0 0%
% Originals of top 10 to Originals with Any Lin 0% 0%
Retweets with Links 5898 71% 9,547 64%
Retweets With a Link From Top 10 Links 765 9% 958 6%
% Retweetf top 10 to Retweets with Any Linl / 13% - 10%

Table C-4 Top 10 links analysis for disaster stories

Figure C-3 presents links counts distribution in disaster stories, Figdre C-4

presents the log log scale of links counts distribution in disaster stories.
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Figure C-3 Links counts distribution in disaster stories
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Figure C-4 Log log scale of links counts distribution in disaster stories

Politics stories
In politics most links pointed to other twitter accounts, one link only in clock boy

story pointed to NBC News website, these result are presenteadti@C-5.

NoO Charlie Hebdo Count Clock Boy
" URL/ Unshorten domain URL/ Unshorten domain = Count

1 http://'g.co/_E_ 395 https://t..co/tZGJFBWYrs 214
ysoheil.com amp.twimg.com

5 htt_p://t.co/aZJthJZJM 324 htt.p://t.co/osgVM53gOf 194
twitter.com twitter.com

3 http://t‘.co/_ 290 htt.p://t.co/YCxOOeOZSZ 160
ysoheil.com twitter.com

4 ht t_p: [ 1t.col 260 htt.p://t.co/NQCZQrWZIw 142
ysoheil.com twitter.com

5 htt.p://t.co/4TOuI4sF2h 247 htt_p://t.co/fBImckoan 140
twitter.cam twitter.com

5 htt_p://t.co/OP6h1YZUWs 2a1 htt_p://t.co/GyHIounDJh 116
twitter.com twitter.com

7 htt_p://t.co/8KwT|pn3Wp 232 http://t.co/2smOMcBJH1 113
twitter.com nbcnews.to

8 htt.p://t.co/1504YCZKWg 208 htt.p://t.co/J7yny|xOC 109
twitter.com twitter.com
http://t.co/9sCF1EN5DH http://t.co/mlyMbhg2Mp

9 , 201 . 94
twitter.com twitter.com

10 htt_p://t.co/KsbI89WLsE 185 htt_p://t.co/KPLVCvVVDl 88
twitter.com twitter.com

Total 2,583 1,370

Table C-5Top 10 links in politics stories
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Table C-6 presents the top 10 links analysis in politics stories. The top ten links
were not highly shared in politics stories tweets, In Charlie Hebdo story, 69% of all
tweets contained linksand 3% of all tweets contained one of the top ten links. 59% of
originals contained links, and no link from the top ten appeared in any original tweet.
72% of retweets contained links, and 4% contained one of the top ten links. Tweets with
one of the topgen links made 4% of tweets with any link, 0% in originals, and 6% in
retweets. In clock boy story 76% of all tweets contained links, and 9% of all tweets
contained one of the top ten links. 50% of originals contained links, and no link from the
top ten @peared in any original tweet. 83% of retweets contained links, and 11%
contained one of the top 10 links. Tweets with one of the top ten links made only 12% of

tweets with any link, 0% in originals, and 13% in retweets.

o Charlie Hebdo | Clock Boy
Characteristic

Count % Count| %

Tweets With Links 91,665 69% 11,900 76%
Tweets With a Link From top 10 Links 3,958 3% | 1,370 9%
% Tweets of Top 10 to Tweets with Any Link 4% 12%
Originals With Links 21,973 59% @ 1,711 | 50%
Originals With a Link From Top 10 L inks 0 0% 0 0%
% Originals of top 10 to Originals with Any Link 0% 0%
Retweets with Links 69,692  72% 10,189 83%
Retweets With a Link From Top 10 Links 3,958 | 4% | 1,370 | 11%
% Retweets of top 10 to Retweets with Any Link 6% 13%

Table C-6 Top 10 links analysis for politics stories
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Figure C-5 presents links counts distribution in politics stories, &glre C-6

presents log log scale of links coudtstribution in politics stories.
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Appendix D- Logistic Regression Results for Hashtags and Lixkalyses

Hashtags

Table D-1 shows theChi-square values and significance of the hashtag analysis
regression modellable D-2 presentghe -2 log likelihood and the Nagelkerke R square

values of the model.TableD-3 presents the classification table, which shows the overall

ratio of the prediction of the model.

Chi-square | df | Sig.

Step 1| Step 29891.399| 8 | .000
Block | 29891.399| 8 | .000

Model | 29891.399| 8 | .000

Table D-1 Omnibus Tests of Model Coefficients

Step | -2 Log likelihood | Cox & Snell R Square Nagelkerke R Square
1 152264.705 .202 271
Table D-2 Model Summary
Observed Predicted
Hashtags Percentage Correc
NoHashtag| Hashtag
Step 1 | Hashtags, NoHashtag 40465 19660 67.3
Hashtag 16775 55275 76.7
Overall Percentage 72.4

Table D-3 Classification Table



Links
Table D-4 presentsthe Chi-square values and significance of the link analysis
regression modellable D-5 presents the2 log likelihood and tb Nagelkerke R square

values of the modellableD-6 presents the classification table, which shows the overall

ratio of the prediction of the model.

Chi-square | df | Sig.

Step 1| Step 8794.306| 8 | .000
Block 8794.306, 8 | .000
Modd 8794.306, 8 | .000

Table D-4 Omnibus Tests of Model Coefficients

Step | -2 Log likelihood | Cox & Snell R Square Nagelkerke R Square
1 129063.667 .064 .099

Table D-5 Model Summary

Observed Predicted
Link Percentage Correc
NoLink Link
Step 1| Link NoLink 0 28519 .0
Link 0 103656 100.0
Overall Percentage 78.4

Table D-6 Classification Table

17¢€



