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The worldwide span of the microblogging service Twier gives an opportunity to make
international comparisons of trending topics of inerest, such as news stories. Previous
international comparisons of news interests have teled to use surveys and may bypass topics
not well covered in the mainstream media. This artile uses 9 months of English tweets from the
UK, USA, India, South Africa, New Zealand and Austalia. Based upon the top 50 trending
keywords in each country from the 0.5 billion tweed collected, festivals or religious events are
the most common, followed by media events, politichiuman interest and sport. US trending
topics have the most interest in the other countrie and Indian trending topics the least.
Conversely, India is the most interested in otherauntries’ trending topics and the US the least.
This gives evidence of an international hierarchy foperceived importance or relevance with
some issues, such as the international interest WS Thanksgiving celebrations, apparently not
being directly driven by the media. This hierarchyechoes, and may be caused by, similar news
coverage trends. Whilst the current imbalanced intenational news coverage does not seem to be
out of step with public news interests, the politial implication is that the Twitter-using public
reflects, and hence seems to implicitly accept, mnational imbalances in news media agenda
setting rather than combatting them. This is a prolem for those believing that these imbalances
make the media too powerful.

Introduction

International differences in news coverage and lgsbpews interests are important not only for the
media deciding what content to produce and whetbecustomise it for different geographic
audiences but also because of the influence omédia in deciding upon the main issues of the day
(“agenda setting”, as discussed below). Curreneareh into international differences in news
interests typically uses surveys, but the socidb Was created possibilities to address this issue b
analysing social media texts instead. This diffei@mgle may give new insights, such as topics of
interest that are not well covered in the mainstraaedia. From the social web, Twitter is a
particularly relevant source for news-related infation because of its emphasis on rapidly sending
short messages.

At the time of writing, Twitter was the ninth mogsited web site in the world according to
Alexa (2011) even though it can be used via mophenes, bypassing Alexa’'s data collection
methods. Twitter allows users to publically broadcshort text messages of up to 140 characters,
known as tweets. The widespread international aolotf Twitter has created a situation in which
the comments of a large number of people, albaimall minority of the world’s population, are
publically available for research to see what kinfithings generate interest and even how topics of
interest vary by country. These are important beealwitter is a phenomenon in its own right and
because of the potential to gain insights into dydey human interests and international difference
in reactions to the news and political issues. fawitself promotes this kind of analysis by pulbilig)
keyword trends on users’ profile pages and evemanmeviews of the top tweeted topics (Twitter,
2011), as do some other social media sites toitelinextent, such as Facebook (Hernandez, 2011).

The public availability of Twitter data has allogvenuch research into its uses (e.g., Java,
Song, Finin, & Tseng, 2007; Naaman, Becker, & Gnay&2011) and exploitation for purposes such
as health research (Heaivilin, Gerbert, Page, &&it2011; Signorini, Segre, & Polgreen, 2011),
marketing (Jansen, Zhang, Sobel, & Chowdury, 20@8yernment information (Wigand, 2010),
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political predictions (Tumasjan, Sprenger, Sand@aielpe, 2010), identifying global mood changes
(Golder & Macy, 2011), technology development (P&k Paroubek, 2010), detecting or
recommending news stories (Abel, Gao, Houben, & ,T&@011; Jackoway, Samet, &
Sankaranarayanan, 2011; Phelan, McCarthy, & Sn&a89), identifying crowded places (Fujisaka,
Lee, & Sumiya, 2010), predicting future citatiofis/$éenbach, 2011) or even identifying earthquake
sites (Sakaki, Okazaki, & Matsuo, 2010). Nevertbglalthough some articles have studied aspects of
trending topics (Naaman et al., 2011; Thelwall, IBeg, & Paltoglou, 2011), none have conducted an
international comparison or identified the typestapics that attract national interest. This is an
important omission because international flows rdbimation are of political and media interest.
Much research, including some reviewed below, iamgis that there are international inequalities in
the provision of news, partly due to practical eslike the availability of convenient sources. fEhe
is less research into the public reception of sumhs: do inequalities in coverage lead to ineqgealit

in interests or a reaction against the inequafitiéad are these inequalities reflected or combatted
Twitter, which partly plays the role of an informadws source?

This article addresses the above questions faeaiad case: Tweets in English that can be
geolocated to identify their region of origin. Sgnthe typical tweet may be personal in orientation,
the focus is on the most commonly tweeted newdegldassues rather than more mundane
communications. Hence the analysis is based ugptofhtrending keywords in each country with the
goal of investigating international differences news interests. The restriction to English is a
practical one to minimise the impact of languadéedences on the results.

Literature Review

This review covers two separate topics that arelesgtéo underpin the research. First, research into
international news coverage and reception formsntlén theoretical basis for comparisons with
Twitter. Second, media agenda setting theory pesvid basis from which to evaluate the wider
significance of the findings. Finally, backgrounddrmation about Twitter gives overall context to
the data used.

International differences in news provision and reception

Previous research suggests that trending topigsvitier tend to be news stories (Thelwall, Buckley,
& Paltoglou, 2011). Since this article focuses oterinational differences in trending topics in
Twitter, it is useful to understand something af tble of the nation in news reporting. First.gems
to be common sense that individuals will tend tonfire interested in news that is geographically
closer to them: hence the proliferation of regiomadl national newspapers rather than international
media. Nevertheless, there are various news owg#ons that attempt to provide international
services, such as the BBC, CNN, Deutche Welle, Ahdazeera, as well as international news
agencies, such as Reuters and RIA Novosti andniaienal news portals like PressEurop. The
internet also provides access to international rewsces and other countries’ national news (Ahlers
2006), which seems to give the young enhanced sdoefreign news and foreign news sources
(Kwak, Poor, & Skoric, 2006). Access to foreign @esources may have particular relevance to
migrant populations (Kissau & Hunger, 2008) andirgernational mobility may also spread news
stories and help foreign news and news framedtér fito a given country. Nevertheless, accessing
other countries’ news sources seems to happenoutste the richer nations (Berger, 2009) which
presumably means that richer nations’ news is rkinosvn inside poorer nations than vice versa.
There are some systematic reasons why news frentauntry is covered in another. These
include the extent to which the two nations intesmonomically, cultural similarities, and geograph
proximity (Kolmer & Semetko, 2010; Wu, 2000). Inditbn, larger countries’ news seems to be
more likely to be covered elsewhere and the U&itqularly well discussed everywhere (Lin, Lo, &
Wang, 2011; Wu, 2000), presumably because of itsiral industry and its worldwide political
influence. Conversely, the US seems to favour matéonal news from geographically close
countries, as well as news that is unusual, retettathe US, or has the potential for social change
(Chang, Shoemaker, & Brendlinger, 1987). More galher foreign news in the US has been
dominated by stories about economically advanceatmsa (Chang, 1998), although countries in
which the US is involved in conflicts, such as leagd Afghanistan (and Vietnam [Larson, 1982] in



the past), are presumably exceptions. For examigéspite presence of wide-scale famine, civil
conflict, disputed elections and an AIDS epiderthe African continent received limited coverage”
during 2002-4 in the US, with trade ties and Gdemestic Product being the two key predictors of
coverage for African nations (Golan, 2008, p. £k also Besova, & Cooley, 2009).

Media agenda setting and news framing

Research in media studies and journalism has intext the theory adigenda settingMcCombs, &
Shaw, 1972) and for this theory the various difiérsedia (e.g., TV, print, online) are probably
interchangeable (e.g., Golan, 2006). Agenda settiegry essentially postulates that the media is
highly successful at telling the publichichissues of the day are relevant. As discussed helmre

is much evidence of a correlation between publiarawess and media coverage, and some research
has also demonstrated experimentally that mediarage carcausepublic interest in a topic (e.qg.,
lyengar, Peters, & Kinder, 1982). This suggests tievsroom decisions about which stories, or
which aspects of stories, to publish, promote gedtigate transfer to the public consciousnessanto
belief about what is relevant (McCombs & Bell, 1398his has implications for the international
interests of the public due to the inequalitiegnternational news coverage discussed above. For
instance, a US survey found a strong correlatidwdsen the countries that people thought were “vital
to US interests” and the extent of media coverafj¢hose countries — although some oil rich
countries received little media coverage at thet{eg., Kuwait) but were nevertheless perceived to
be important, and India was perceived as relativglymportant for the amount of coverage it
received (Wanta, Golan, & Lee, 2004).

Agenda setting can occur internationally as welhagonally, due to international sources
like the BBC World Service and CNN InternationaheTlatter, for example, although it customises its
international news for different world regions mththan delivering US content worldwide, covers
similar topics everywhere (Groshek, 2008). Morepweesstudy of a range of different world news
sources found all of their coverage to be similaofnis, 2009), suggesting that there is a globalsne
agenda, although it is not clear which factorgni§, drive it. Another way in which framing occuts
the international level is that stories about ottwrntries can be given a slant for the reportiaipn,
such as by explicitly mentioning the story’'s redaship to it (Wanta, Golan, & Lee, 2004).
International news can also be expected to be gavemtional “framing”, focus or orientation
(Entman, 1993; Matthes, 2009), perhaps differingeacth country reported (Riegert, 2011), and
influencing public perceptions of the event covef@d., Huang, 2010).

Agenda setting theory seems to be widely acceptélteamoment (e.g., Groshek, 2008), but
more controversial is the stronger belief thatrittedia is alssometimednfluential at persuading the
public whatattitudeto take about relevant issues (Wanta, Golan, & P864). There is evidence, for
example, that negative coverage of foreign nation&JS news associates with negative public
perceptions of those countries (Besova, & Coolep92 Wanta, Golan, & Lee, 2004).

From a policy perspective, international news g&laccan also have important political
implications because news media may simply igntwaes that do not fit comfortably within their
national self-perception or that show the hostamatn a poor light (Herman & Chomsky, 1988).
Media agenda setting has political implications suse of its relationship with foreign policy
(Bennett, Lawrence, & Livingston, 2007; Cohen, 1968ingston, 1992; Zaller & Chiu, 1996),
making this issue particularly important. For ex#énpJS news reporting of two similar airline
shootings different substantially and in line with geopolitical goals: one described as a moral
outrage and the other as a technical problem (Bmntrb891). Another example is the low 1990s
coverage of East Timor in the US news, where itrggkto be difficult to present US foreign policy
in a good light (Chomsky, 2000). In fact, someroléihat the free press is frequently used, sometimes
in subtle ways, by those with influence (and netasls successfully, as in the case of Hurricane
Katrina coverage: Entman, 1994) to “manufactureseat’ in the population to align them to the
goals of the powerful (Herman & Chomsky, 1988).particular, the type and extent of media
coverage can influence the success or failure efifip foreign policy initiatives, such as warsge.
see the claims in: Chomsky, 2000; Der Doran, 26CG8b, 1994). Whilst most research into these
issues has a national focus, the existence of gowerternational news organisations and the



international factors in news awareness discusedeagive it an international dimension (e.qg.,
Groshek, 2008).

Topics and trends in Twitter

The ways in which people use Twitter may relatéh® kind of content posted and hence the issues
that emerge from an analysis of trending topics. eamly small qualitative study suggested that
Twitter was used for informal social interactios ghao & Rosson, 2009). This was corroborated
by a later study of 317 users which found that peapeding to informally connect with others were
more frequent Twitter users (Chen, 2011). The tHaaTwitter is used for interaction rather thastju
broadcasting was supported by research which fthetdnessages targeted at individuals were often
(31% of the time) responded to (Honeycutt, & Heagrid009). Moreover, although tags seem to be
used in most systems to organise content or tardaimation retrieval (e.g., Dotan & Zaphiris,
2010), Twitter hashtags tend to help organise amati®ns rather than content (Huang, Thornton, &
Efthimiadis, 2010). Hence there is a wide rangeypés of information that support the thesis that
Twitter is a space supporting significant socidéractions. Despite this, however, people may also
use it for specific information needs (e.g., Hug&eRBalen, 2009) or for commercial reasons (Jansen,
Sobel, & Cook, 2011; Zhang, Jansen, & Chowdhury,120and so it is not a purely social space.

A wide variety of types of tweet are posted, ordyne of which seem likely to be present in
trends. In April, 2009, about 80% of users tendeg@dst about themselves, promoting or describing
their current activities, whereas 20% produced niniemational postings (Naaman, Boase, & Lai,
2010, see also Dann, 2010). This study charactetiseets with nine types of topic: information
sharing, self-promotion, opinions/complaints, staats and random thoughts, me now, questions,
presence maintenance (e.g., “I'm back”), anecdwie) (and anecdote (others). Similarly, an analysis
of 7040 tweets from as many users in November 2008stman & Freund, 2010) produced five
genres: personal updates, directed dialogue, iral-sharing (news and information), business
broadcasting, information seeking. One study hasssed the extent to which Twitter users post
about the news, using a comparison with the Nevk Yiames. The largest difference found was that
the topic categorfFamily and Life presumably including thme nowandpersonal updatesategories
above, accounted for about 27% of extracted Twitipics but no topics from the New York Times
(W. X. Zhao et al., 2011).

In terms of trending topics, it seems that the rimi@ation sharing category in the first study
and the real-time sharing category in the secomdlysteem to be the most likely to be news related
and hence to generate trends because news sterieoadcast within a relatively narrow time frame.
In fact, it seems that the majority of trends iniffev are news-related (Kwak, Lee, Park, & Moon,
2010). Moreover, Twitter tends to be used to comtne@nnews stories rather than creating them (or
merely announcing them) (Suba# Berendt, 2011) and so it can be expected tordozate well
with mainstream media news (for Twitter uses byrialists see Farhi, 2009). It seems likely,
however, that the mainstream media would lead €wiixcept perhaps in cases where there is mass
involvement in a news event, such as a disasterffnmedia use Twitter as a significant source of
information (e.g., Farhi, 2009; Hermida, 2010). Biekeless, thene now/personal updatestegory
may also co-ordinate and produce a trend when mp&ople are doing the same thing, such as
attending a mass rally or concert, or doing sometlsipecific to a holiday or festival day. Hence
trends in Twitter may not relate solely to specifews stories. An important topic not categorised i
the above research, however, is Spam (Wang, 20itih can presumably cause trends, if not
filtered out.

As introduced above, the typical topics in Twitpasts seem unlikely to be the same as the
common types of trending topics in Twitter. Topisd trends in Twitter have been previously
analysed for a single geographic location: New Yiekween September 2009 and March 2010, as
self-identified by Twitter users on their profil@daaman et al., 2011). In this study, trends phblis
by Twitter for New York and trends identified withtime series method from the raw data were
compared using quantitative and qualitative appgreacFor the qualitative approach, 50 trends were
categorised into four exogenous types (broadcadiameyents, global news events, national holidays
and memorial days, and local participatory and @ay®vents) and three endogenous types (memes,



retweets, and fan community activities). Compaitimgse categories to those discussed above for all
tweets confirms that typical trend topics are ddfe from typical overall topics in Twitter.

Some research has focused on trends in Twittemtiengtand how tweets within a trend
change over time. A study of the role of sentimianthe top external trending topics in a month of
Twitter found that spiking topics were typicallysasiated with small increases in negative sentiment
(Thelwall et al., 2011). A more fine-grained stuafyTweets related to US college campus shootings
(i.e., single broad news stories), showed thatdhe of Twitter changed over time, from information
sharing at the start to opinion sharing later oevgtin & Zach, 2012).

An important aspect of trending in Twitter is thatormation can flow through follower
networks (Lerman, & Ghosh, 2010) by popular twéeing retweeted, by users responding to others’
tweets (Bruns, in press; Romero, Meeder, & Kleighe?011), or by repeated exposure to new
hashtags (Romero et al., 2011). Since Twittertisrimational, this gives the potential for infornosti
to flow across international borders. This phenomnewas investigated in a study of 1,953 users
sampled from 0.5 million Tweets gathered over akwnieeAugust 2009, together with a randomly
selected Twitter user that they Followed (Takhtey@wzd, & Wellman, 2012). Tweeter locations
were identified primarily by coding the context tieets sent, rather than by using embedded
geocodes, giving greater coverage than the cupeper (see methods section below). National
locations were determined for all these users agwnal locations for 1,259 pairs. The analysis was
based upon comparing the locations of the Folldvadidwee pairs, and showed that people tend to
follow others if they are geographically close, amét country and language are important in
predicting ties. Hence national borders will restthe flow of information in Twitter to some exten
because international connections are relatively feequent than national ones.

In summary, existing research has shown that dedipé typically quite personal content of
tweets, trends in Twitter tend to be related toribess. It would therefore be possible to inveségat
international differences in news interests throlafye-scale investigations of Twitter. From the
previous sub-section, it is already known thateéhare systematic international differences in news
interests but it is not known whether these alsupe Twitter and, if so, whether these difference
echo offline differences or are modified by the madin some way.

Research questions

As shown in the literature review, trending topicd witter are likely to be predominantly related t
news events and an analysis of them may therefareimate the news interests of the public. This
study attempts to identify international differesce trending topics in Twitter to assess the extén
these international differences and to see whetiese align with what is known from media
research, and agenda setting theory in particWdnilst this theory has been tested before, this has
typically been through questionnaires or opiniotispand Twitter provides a new angle on the issue.
For practical reasons, discussed below, the ddimited to Twitter users, which skews the findings
towards richer and perhaps more technological pssgecially in poorer nations. The goal is
therefore restricted to seeking differences in biésed sample. This is exploratory research usiag
information-centred research approach (ThelwalluWs, & Fry, 2008). The objectives are therefore
data driven rather than theory driven: to discowbiat kinds of information (in this case trending
topics) can be found in Twitter, and what kind w$ights the results can give on the international
differences in news coverage discussed above.riicpar, the main goal is to assess how trending
topics (and hence Twitter-mediated news interegtsy by country rather than to test specific
hypotheses. This gives the following research djest

* Q1: What are the maiypesof trending topics for each country?

* Q2: How do the specific trending topics vary by ioy?
Based upon the discussions of news reception iliténature review, however, it seems reasonable to
make some hypotheses relating to the second réseaestion about the extent of international
connections in the data.

» H2a: Trending topics of interest to the USA will be mibst interest to other countries and

trending topics of interest to India will be of &adnterest to other countries. This is because
trending topics of interest within any particulauatry are likely to be dominated by topics



related to that country and the research discualBede suggests that economically advanced
countries’ news is of more external interest thaarpr countries’ news.
* H2b: The USA (as a world leading nation) and Indiacéaese of cultural differences) will be

least interested in trending topics of interesirfrather countries.
The concept ofrending topicis operationalized heuristically and with referenio external events
rather than purely quantitatively in this articheprevious article used the tetnendinstead, “a trend
on Twitter (sometimes referred to as a trendingc)ognsists of one or more terms and a time period
such that the volume of messages posted for thestier the time period exceeds some expected level
of activity (e.g., in relation to another time patior to other terms)” (Naaman et al., 2011). This
definition is adopted except that the “one or merens” must be related to an external event argd thi
external event must be broadly the same for eatheoferms associated with a given trending topic.
The tie to an external event excludes long runtdpics and interests, such as, chess or JustireBieb
except when they are tied to specific events, saech competition or a concert. In these cases the
trending topic would be the event itself (i.e., tmmpetition or concert) rather than the long ragni
topic or interest.

Methods

The research design was to collect and analyss texh Twitter over an extended period in a single
language across different locations to allow amrimdtional comparison. Although inter-language
connections can be important on the web (e.g.,,l28l&2) the use of a single language minimises the
impact of linguistic issues on the results (e.gak&saki, Kawaba, Utsuro, & Fukuhara, 2009), which
would otherwise be a significant factor for theaaméatic trending topic identification stage. English
was chosen because this language is used in enidffgent countries to give a useful sample. Other
languages used to some extent in many countridésd@cSpanish, French and Chinese but English
has the advantage of being the most common seemgdidge (Crystal, 1997). Nevertheless, the use
of a single language is a limitation and differesgults may have been obtained for other languages.

As described below, a time series analysis methasl used to extract the top 50 trending
topics for each country and then a content analysis used to identify the types of topics
represented. The types of topics represented dsawehe individual topics were then compared
across nations.

Data

Twitter was sampled from seven different locatiahthe maximum rate permitted by the Twitter API
(dev.twitter.com) from August 2, 2010 to May 28120this gives a sample rather than a complete set
of relevant tweets due to the rate limiting. A bgguct of the rate limiting is that smaller couesi
have relatively higher proportions of matching ttgei@ the data set (e.g., perhaps we obtained 10%
of matching tweets for the US but 90% for Hong Kprithe seven locations were chosen to be places
where English was widely used: The UK and Irelaaiob¢eviated to UK for convenience), the USA,
Australia (sometimes abbreviated to Aus below), Rlepublic of South Africa (RSA), New Zealand
(NZ), India and Hong Kong. Whilst English is noetmost spoken language in RSA, India or Hong
Kong, it was expected to be widely enough usedve data to analyse.

For each location, a Twitter query was construtctedeturn all Tweets in English within a
specified geographic area. According to the Twite, “The location is preferentially taking from
the Geotagging API, but will fall back to their Tiir profile™? Hence the result will capture people
geolocated by their mobile device or their profiith the large area queries used, these two seem
likely to be interchangeable. An alternative wob&lto identify Twitter users’ locations from text i
their profiles (Naaman et al., 2011), but this vabié error-prone on the large scale necessaryifor t
study. The choice of countries was relatively aaoit: it excluded Canada because its shape made it
awkward to collect Tweets from it because the geation search pattern must be a circle (specified
by radius and centre longitude and latitude). ivdlégs also predominantly English-speaking but its
Tweets were gathered by the UK query as the twlowfigthin a convenient single circle. Hence,
Canada is the main (predominantly) English-speakiaiion omitted. The Hong Kong data was not

2 https://dev.twitter.com/docs/api/l/get/search



used because too little was collected to identi§amngful trends — for example, all the top 10 Hong
Kong terms (see below for extraction method) apgzbéo be generated by spam rather than genuine
trends (email, bny, etc, club, flyer, charge, arcdrd, design, contact). Non-circle shapes coule ha
been built from multiple overlapping circles butsthvould have been inefficient use of the limited
Twitter API query capability. A total of 440 millioEnglish tweets were collected from 15.8 million
different accounts (in millions of tweets by coynttdSA 141, UK 134, Australia 67.1, India 55.0,
RSA 26.3, NZ 12.0, Hong Kong 5.41).

For each country, the time series scanning methbdiall & Prabowo, 2007) was used to
identify the top 1,000 spiking words. This methodates a daily time series for every word (after
converting plural words to singular and excludingsimags, which have an advantage with this
approach) used in every Tweet by calculating tlmpgntion of tweets from the location (e.g., UK,
India) containing the word. For each time serigs,maximum spike size calculated is the maximum
increase in the proportion of tweets containingwled during a single day, subtract the average of
all previous days. For example, a score of 0.1tler word rapture indicates that on one day the
proportion of tweets containing “rapture” was O.igher than the average proportion of tweets
containing the word over all previous days.

The 1,000 most spiking words were then extractetused as the basis for identifying topics
in Twitter in the six different locations. This rhed has been shown to be useful to identify news-
related topics within periodic text data (Thelw&l Prabowo, 2007), including from Twitter
(Mathioudakis & Koudas, 2010; Thelwall et al., 2D1decause such topics are often associated with
one or more terms that cause a large spike. Naalegth there is some redundancy because the same
topic can be associated with multiple spiking wa(elg., both “royal” and “wedding” might spike for
the UK royal wedding topic). Other topic detectimethods avoid this limitation (e.g., Cataldi, Caro,
& Schifanella, 2010; Ding, 2011) or may use addibfiltering steps (e.g., Alonso, Carson, Gerster,
Ji, & Nabar, 2010; Becker, Naaman, & Gravano, 2Q1identify specific types of event (Becker,
Naaman, & Gravano, 2011a), use text-based chaistmey such as sentiment and URL inclusion
(Naveed, Gottron, Kunegis, & Alhadi, 2011) or augtitally classify extracted events (Genc,
Sakamoto, & Nickerson, 2011). Nevertheless, theaathge of time series scanning method used is
that it is (a) simple and transparent so that it ba corrected with additional human input, as
described below, and (b) able to be combined weywlord frequencies as a way to identify the most
important topics over a given time period. Thesaratteristics are also true of another method used
(Naaman et al., 2011), which was not chosen becisisaverse document frequency component
disadvantages relatively high frequency words thaght nevertheless be relevant in trends, such as
“Obama”.

The top 1000 terms for each of the six countrigsl(gling Hong Kong) gave a final data set
for analysis of 117.8 million tweets. To give a mapecific idea of the numbers involved, the 1000
term for New Zealand (i.e., the least significaayword in the country used with the fewest tweets)
was “fergie”, which occurred in 601 New Zealand ¢ In contrast, the top term for the US was
“thanksgiving”, which occurred in 76,973 US tweets.

Analysis

To calculate the overall trending topic similaifigtween countries, the top 50 spiking terms froen th
basic set of 1,000 described above were selectedafcth country as a basis for comparison. The
number 50 was chosen because ranks below 50 sdenhedless reliable for the smallest data set,
New Zealand (the 30word for New Zealand, “grammy”, occurred in 2,348w Zealand tweets).
This was a qualitative judgement from observatibthe data rather than the result of a mathematical
comparison. This judgment needs to be qualitateeabse the large number of words processed in
the data set (11,772,149 unique terms), maketistitally inevitable that quite large spikes ocettir
random. Each of the top 50 words for each countty manually checked to see whether it referred to
the same story as a higher ranked word and remé&weead the list if it did. Two words were
considered to represent the same topic if theyriestthe same event occurring on the same day or a
small event associated with a large event on anathg. As an example of the latter, a memorial
event or silence for a tragedy was coded as ratgtd the same event as the tragedy even though it
occurred on a different day. This rule was usedtép one event from dominating the results and



hence undermining the statistical value of tests om the resultant data (due to violating the
independence condition).

Each term in each filtered top 50 list was theackled against the top 1000 list of all other
countries and the rank of the same term was reddfda) the term was in the top 1,000 and (b) the
topic associated with the word was the same. Wiaitiag this test were assigned a nominal rank of
1001 to indicate that they were unranked for assie&l comparison. A Spearman correlation was
calculated between the rank list of the filtered 50 terms of each country and the ranks of thager
for the other countries, obtained as described ebBur each country this gives a measure of the
extent to which the news topics that it considergdrtant are also considered important by eachr othe
country.

To identify the main types of topics present in daga, the filtered top 50 trending topics for
each country were categorised by the second ausioeg an inductive approach to identify the main
topics represented and to construct a short deiseripf the categories. Each of the automatically-
identified “trending topics” was essentially a keynel together with a list of tweets from the country
containing the keyword, together with a time-segesgph of the relative frequency of matching tweets
associated with the country concerned. For instatiee keyword “independence” within the India
data set was identified as being caused by IndegpeedDay celebrations in India. The purpose of the
subsequent categorisation process was to idemgfyptoad type of reason causing each keyword to
trend. These reasons were discovered inductivelgxXaynining all the terms and devising categories
that matched common themes. For instance, in tlwealbxample the Indian Independence Day
trending topic, amongst others, gave rise to tbhadbcategory of “Festival or religious”.

The scheme (keywords and short descriptions ofcégsal events, see Table 1) was then
given to two independent people to code using #tegory descriptions. This non-standard approach
was used because the categories were fixed andwsmuid not be appropriate to train coders on a
random sample, as would normally be standard pe¢hleuendorf, 2002). Cohen’s Kappa (Cohen,
1960; Neuendorf, 2002) agreement rates for thigwetcellent’ (0.820, 0.814. 0.840), giving some
confidence in the results (Fleiss, 1981). The tegejported are based upon the majority decision fo
each type, with some exceptions: the death of OdBimd.aden was categorised as politics rather
than human interest; the death of Indian Guru &thya Sai Baba was categorised as festival or
religious rather than human interest, as was dath. These anomalies were caused by the weak
initial category descriptions. There were also soowerlaps between categories that caused
discrepancies. For example, some weather-basestalisaould be categorised as weather or human
interest (the latter was chosen in all cases) antesevents could be human interest or media (e.g.,
judgement day cult prediction, UK royal wedding asmime could be politics or media (e.g., a
political documentary, and TV interview with a fagnmpolitician).

Results

The top 50 trending topics collected from the sffedent countries, after duplicate topic elimiratj
were analysed to identify the typical types of tdfoiund and to identify international differences.

Main topics of interest

The most common trending topic was a festival digigus occasion (Table 1). The messages for
these were often simple variants of “Happy [...] dayid spiked on the day of the event. The topics
included both religious events (e.g., Easter) awlilsr events (e.g., Independence Day). This t§pe o
topic was particularly numerous for India, for betrtular and religious events.

The second most common type of topic was medidicpkarly for South Africa and New
Zealand. This broad category includes TV showsh sag New Zealand’'®utrageous Fortuneas
well as U2 pop concerts and film premieres. Thitegary included events, like the UK royal
wedding, that could be conceived as political tare head of state getting married) or human istere
(a wedding) but would probably be viewed primaalya TV show for most interested people.

Political events, such as elections, budgets paotdsts formed the third most common topic.
The political events include some of primarily oagl significance, such as budgets and electians, a
well as some of international importance, suchhasdeath of Osama Bin Laden and a London court



appearance for Wikileaks’ Julian Assange. Sometipalievents were national in scope, such as
protests against Mubarak in Egypt, but generateainational interest.

Human interest stories mainly involved disastaushsas the Japanese Tsunami, or individual
deaths, including those of media figures. This gag also included school exams, although these
may not be often thought of as a human interestnepic.

Sports stories created significant national d#fees, even for international competitions.
Only two sports were included for multiple coungriericket (UK, India, South Africa) and soccer
(UK, New Zealand, South Africa). The sports mergitrin only one country were basketball (US),
American football (US), horse racing (Australia)ysiralian rules football (Australia), tennis (UK),
rugby (South Africa), and athletics (India, hostilg Commonwealth Games). Cricket may have a
high profile because it is dominated by Englishasieg countries and the Cricket World Cup
occurred during the period surveyed.

Table 1 Topic type for the top 50 trending topics in eaclntry, after eliminating duplicate topics.
Note that the human interest category excludeshdestpolitical or religious figures.

Number of topics
Topic type Definition of topic type UK | NZ | Aus | India | USA | RSA
Festival or Festival or religious event and associated
religious activities, even if unofficial 13 9| 11 15 12 12
Media TV show, film, concert or associated events 4 6 4 1 3 7
Political Political events; elections; budgets; protests;
events rebellions 3| 2 3 8 4 3
Human Disasters; death or injury of named individuals;
interest exams (other mass participation events) 4| 6 5 1 4 4
Sport Sporting event or associated activities 3 1 2 6 3 4
Natural Weather, seasons or astronomy - but not with
events a human interest angle 2 2 1 0
Viral text Viral texts, including jokes 2
Technology | Technology developments or companies 0| O 1 1
Total 31|28 | 28 32 28 | 32

Similarity between countries for top trending topics

In terms of the types of trending topics, Indiangtgout for having many festivals and political rege
but few media events, human interest stories ahgraleevents (Table 1). The low representation of
media events may be due to India having a stromgehgrown Hindi media industry, such as
Bollywood for films, and so the natural language discussing related events may be Hindi rather
than English. Bollywood has an international sphefrenfluence in Indian diaspora communities
(Alessandrini, 2001; Bhattacharya, 2004) that mayehEnglish as a first language, but this was not
enough to be represented in the Twitter resultafgr country. The only media event present in for
India was the UK royal wedding, and this had thedst rank of any country. India alone had two
highly ranked national political issues: the amiiraption protests of Anna Hazare and a court eérdi
relating to a Hindu/Muslim religious dispute in Adlya.

Table 2 reports the correlations between the radkroof the top up to 50 trending topics,
after excluding duplicate topics in the top 50,hntilhe rank order of the same topics in each other
country. The table is in descending order of meametation (final column). From these national
means, topics of most interest to the US tendgo bk found interesting by other countries, in line
with previous findings about the dominance of ti& for international news. Topics of most interest
to India attract by far the least interest in otbeuntries. In the latter case, this is partly lseamany
of the main topics of interest are associated thiéhHindu religion, which is predominantly found in
India, and festival days that are only found inignduch as Children’s Day.

The six countries show much more similar averagel$ of interest in other countries’ topics
(the last row of Table 2) but the order is appratiety reversed from the above: The US is least
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interested in other countries’ topics and Indieisst interested in other countries’ topics. Thielas
unexpected, given the cultural differences betwadra and the other countries. It is primarily dae
the averaging process used because other countiede in their averages a low score for India.

Table 2 Spearman correlations between the rank ordeheotdp up to 50 trending topics in each
country (rows) with the same topics in other caest(columns). For example the rank correlation of
the top US trending topics with the same topidheUK is 0.69.

Source\Other | USA | UK NZ RSA Aus. India Mean
USA - 0.69 0.62 0.63 0.57 0.70 | 0.64
UK 0.55 - 0.51 0.58 0.54 0.59 |0.56
NZ 0.42 0.48 - 0.43 0.49 0.55 | 0.47
RSA 0.41 0.49 0.49 - 0.50 0.41 | 0.46
Aus. 0.44 | 0.50 0.56 0.29 - 0.34 | 0.43
India 0.15 0.13 0.22 0.21 0.22 - 0.18
Mean 0.39 0.46 0.48 0.43 0.46 0.52 -
Limitations

An important limitation of the study from the peesfive of attempting to draw conclusions beyond
Twitter is that the Twitter data is not represeamtatof the general population of the countries
surveyed. The use of Twitter for sampling is likedycause a bias towards more technical users and
hence towards technological issues, although ambytechnology topics were found in the top 50s
investigated so the impact of this may not be lafigés bias is an important consideration for the
objective of using Twitter to gain insights intaémational differences in news coverage.

From the perspective of Twitter users themselves, {gnoring non-users), probably the most
significant limitation is that the Twitter data frolndia is likely to represent a different segmeinthe
population, and even a different segment of thett€wusing population, than in the other countries.
This is partly because India is a poorer countiy @e@quent internet access (e.g., via a mobilecggvi
is probably limited to a smaller percentage ofgibpulation and the wealthiest people in the country
Tweeting in English in India also suggests a hayel of fluency in English as a second language and
a motivation for using it. These are likely to causiases towards topics of concern to educated
people and perhaps also towards people with amatienal orientation or even a special attractmn
the US as a world-leading nation. This serioushydarmines the differences found for India.
Moreover, the findings should not be extrapolateceter to the whole population of India.

The method of eliminating terms referring to evessociated with a higher ranking word
caused problems with the cricket world cup. Thiasisted of a series of discrete events (matches)
relating to different pairs of countries and onfatiént days, but connected due to being part of a
common competition. These matches were coded asatepevents rather than as one single “cricket
world cup” topic because of the clearly differeates and national interests for the different megch

This decision nevertheless had an impact on thdtsesnd made this single long event important for
India in particular.

Discussion

In response to the main research questions, the tyyaés of trending topics for these countries (Q1)
are: festivals or religious events, media everdftips, human interest and sport. The types oic®p
vary by country (Q2) both in terms of differencaghe types of topics discussed and in terms of the
specific topics discussed. In particular, H2a ieftmed: Trending topics of interest to the USA are
of most interest to other countries and trendimc® of interest to India are of least interesbtioer
countries. In contrast, H2b is only partly confian@he USA is least interested in trending topits o
interest to other countries, but India is not dlse least interested in trending topics of intetest
other countries. Even though Indian Twitter use®ns to focus on topics that are mainly of interest
within India, they maintain an awareness of intéamal topics too. This last finding may well refte
the demographic of the Indian twitter users captimgthe data rather than the typical Indian citize
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Perhaps the strangest fact is that the trendingc ttdpanksgiving, which refers to an
exclusively US event with no significance in thstref the world (except Canada, but on a different
day), is in the top 50 for all countries exceptidndvhere it has rank 57. In conjunction with H2al a
the confirmed part of H2b, his seems to demonstraeunique power of the US to attract interest
from the rest of the world, even at the informalelleof tweeting and for non-news events. Examples
of tweets from New Zealand include, “to celebratmekican thanksgiving | ate sushi”, “happy
thanksgiving to all of my American friends”, andsju'happy thanksgiving” as well as some from
people apparently celebrating thanksgiving (e.geett a way to work off this thanksgiving gut”),
perhaps Americans abroad. A possible implicatiothi® is that international biases in interestsoe
deeply ingrained that either they would continusdme extent without media agenda setting or that
the public have learned biases from experience wWith media over time and accepted them,
presumably subconsciously for the majority of peophlternative explanations are possible,
however, such as spam or learning about Thankgpivom US television shows or movies, given
their widespread popularity abroad (Bielby & Hagtion, 2008). Although such shows and movies
would presumably not synchronise abroad with Thgivksg Day, they might create an awareness of
the festival that would translate into interesttbe appropriate day. In the latter case this sugges
reasonably long-lasting influence for non-news raediis should not be surprising since in various
contexts US television and movies have been showvae @able to create awareness of issues and long
term change, both for good (e.g., Winsten, 200@) bad (e.g., Viswanath, Blendon & Vallone,
2008).

Conclusions

Although Twitter seems to be primarily used by gedp report about themselves, analysing trending
topics can give insights into news-related isshasdre widely discussed by the minority of uskeas t
focus on external events. In all the countries stigated, the trending topics identified covered a
wide variety of types (primarily festivals or rdabigis events, media events, politics, human interest
and sport) although there were some differencesrrational influence in Twitter seems to broadly
follow similar patterns to those of news reportimghich is not surprising because news coverage
presumably impacts what people tweet about. Iniquéar, topics of interest to the US seem to be
typically picked up in other nations, including &sively US holidays and US national sport events.
This suggests that some overseas populations aneéingdy interested in US news, which they
presumably find out about from mainly national neswmurces. Conversely, the other countries
surveyed were relatively uninterested in Indiaméss This may be partly due to cultural differences
low coverage of Indian topics in the mainstreamiomal media or a perception that India is
economically or socially unimportant and therefam worth taking much notice of. Perhaps most
surprising is the interest in a domestic US issilganksgiving Day, which was presumably little
covered in the international media. This suggestsach deeper embedding of international
imbalances within individuals that goes furthemtimaerely accepting news media agendas.

An implication of this study from a methodologicaérspective is that it is possible to
compare the main trending topics of interest betweations in order to gain insights into
international commonalities and differences, altifothe results cannot be easily generalised beyond
Twitter users to all people in each country. Thehoé used is restricted to countries in which a
significant number of people tweet in English ootrer shared language and the power of the
findings is limited by differences in the extentwhich the chosen language is used in any country.
The method is also limited to the top trending ¢spiather than the typical discussion topics, aigno
the latter could be easily investigated by takingredom sample from the different national location
and conducting a content analysis of them. Basetheriterature review, this seems likely to give
results dominated by “me now” tweets rather thanegal interest topics. A new method would be
needed to identify topics of more general intetestompare between nations — for example by only
sampling retweets. It would also be possible termxtthe basic method to a multi-lingual version by
removing the single language restriction but thssyrwveaken any findings produced by introducing
linguistic rather than topic-based differences leetvnations.

More generally, the method can be extended to coengpecific topics of interest between
countries using Twitter. For instance, to focusaaspecific topic, such as a given health issueetsve
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could be collected or filtered using a set of ral®@vgqueries and then the results compared between
countries. This comparison could be based upordimgnsubtopics, as in the current paper, or a
content analysis of a random sample of all reletarets, as discussed in the paragraph above. This
would give an unobtrusive and relatively quick wayconduct international comparisons, although
biased by the restriction to Twitter users.

Finally, an implication of the results for new medssues is confirmation from a new source
(Twitter, albeit with its coverage/user group bisthat the current internationally imbalanced news
media coverage does not seem be out of step witlicmews interests, whether it leads them or not.
Whilst this should be reassuring for news mediaaoigations, the apparent deep embedding of
international differences of importance discusskdva — for example, to the extent that the US-
specific Thanksgiving Day is a major discussioniddp most countries surveyed — is likely to be
viewed as a problem by those that believe thatntleelia are too powerful or too easily led by
politicians, public relations teams or powerfulergst groups (e.g., Bennett, Lawrence, & Livingston
2007). This apparent international public accemamicimbalances is likely to be seen as even more
of a problem by those that take the stronger mwsithat powerful interests are often successful at
using the media to manufacture consent for thegdggdncluding government foreign policy goals
(Herman & Chomsky, 1988).
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Table 3 Top topics for the UK and word rank for the satmic in other countries. *The word is
primarily associated with another topic for thisinty.

Rank of topic in country

11,

O

.

Word UK [NZ |Aus |India | USA | RSA | UK topic
valentine 1 6 2 4 2 2 Valentine's day Feb. 14, 2011
easter 2 7 1 25 4 10 Easter day, Apr. 24, 2011
snow 3 199* 279 | 677 | 32*| 171 Snow (UK), Nov. 31, 201
wedding 4 2 3 20 15 3 UK Royal Wedding Apr. 29, 201
bin 5 9 7 9 5 8 Osama Bin Laden death May 2, 2011
pancake 8 898| 183 - 288 | 260 | Pancake day Mar 8, 2011
mother 9 16| 5 8 3 1 Mother's day 8 May 2011
Viral: #puttingcockinsongname Apr. 1
cock 10 | 173 | 187| 2134 210/ 23§ 2011
halloween 11 | 23 17 50 8 39 Halloween Oct. 31, 2010
Earthquake and Tsunami in Japan Mar.
japan 13 | 3 14 13 9 13 | 2011
miner 14 | 14 44 118 | 26 15 Chilean miners releaset, 13, 2010
fool 16 | 43 28 31 21 17 April Fool's day April 1,720
bank 17 | - - - - - Bank Holiday (UK), Aug. 31, 2010
Full moon (biggest of the year) Mar. 2
moon 18 | 110 | 147| 80 144 130 2011
st 19 | 38 - 481 | 17 31 St Patrick's day Mar. 17, 2011
christmas 20| 32 20 281 37 121  Christmas
UK Alternative Vote referendum, May |}
vote 23 | - 4* 141*| 13* | 5¢ | 2011
exam 26 | - - - - 94* | Exam results UK schools May 2611
thanksgiving | 27 | 28 23 57 1 38 Thanksgiving (US) N&¥ 2010
Andy Murray (UK) Aus. tennis final, Jar
murray 28 | 537 | 93 507 | 479 57730, 2011
matt 29 | - - 913 | - 457| X-factor final (UK TV show)ec 12, 2011
pope 31 | 933| 346| 945| 522* 394 Pope UK visit, Sept2011
student 32| - - - - - UK tuition fees student denmvNL1, 2011
11* Soccer world cup 2018 venue decided D
cup 33 | - 22* - - 2, 2010
firework 36 | 154 | 2414 - 470 | 341 | Guy Fawkes Night (UK) Nov 5, 2010
Multiple minor UK motorway delays Fel
delay 37 | - - - - - 21, 2011
cheryl 38 | - - - - 96 X-factor (UK TV show) Sept ZH)10
torre 39 | 709 | 321| 234| 578 85 Torres' UK soccer siuibch Feb. 1, 2011
cher 41 - 294 | - 867 46 X-factor (UK) final, Dec. 11, 2010
pant 43 | 19 13 212 24 89 Viral: #moviesinmypants Gtt 2009
. 34 Children in Need UK TV fundraising Noy.
children 44 | 123 | - - - 19, 2010
Judgement day cult prediction (US) M
rapture 48 | 29 39 367 35 127 21, 2011
gcse 49 | - - - - - Exam results UK schools Aug, 24, 2010
eurovision 50 | - 135] - 742 | - Eurovision song contest May 15, 2011

ecC.

=]
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Table 4. Top topics for New Zealand and word rank for shene topic in other countries. *The word
is primarily associated with another topic for tbauntry.

Rank of topic in country

Word NZ UK [Aus |India | USA | RSA | NZ topic
Earthquake in Christchurch, NZ Feb. 22,
christchurch| 1 76 16 735|219 | 348 | 2011
wedding 2 4 3 20 | 15 3 UK Royal Wedding Apr. 29, 2011
Earthquake and Tsunami in Japan Mar.
japan 3 13 14 13 |9 13 11, 2011
valentine 6 1 2 412 2 Valentine's day Feb. 14, 2011
easter 7 2 1 25| 4 10 Easter day, Apr. 24, 2011
bin 9 5 7 9|5 8 Osama Bin Laden death May 2, 2011
118* Pike River mining tragedy (NZ) Nov 24,
miner 14 14* | 44* 26* | 15* | 2010
tornado 15 - 524* - | 112* | - Tornado in Albany, NZ, May 3, 2011
mother 16 9 5 813 1 Mother's day 8 May 2011
storm 18 379*| 52* - | 155* | - Storm in Wellington, NZ Sept. 17, 201D
pant 19 43 13 212 | 24 89 Viral: #moviesinmypants Oct 31, 2010
halloween 23 11 17 50| 8 39 Halloween Oct 31, 2010
i Christchurch earthquake aftershock Sept.
aftershock 25 - - - - 4, 2010
thanksgiving| 27 27 23 571 38 Thanksgiving (US) Nov 26 2010
367 Judgement day cult prediction (US) May
rapture 28 48 39 35 127 | 21,2011
i Paul Henry (NZ) ridicule of Indian
henry 30 662*| - - - diplomat Sheila Dikshit Oct. 5, 2010
christmas 31 20 20 281 | 37 121 | Christmas
i Christchurch  earthquake = memorjal
memorial 33 - 891 188 - service March 17, 2011
st 37 19 - 481 | 17 31 St Patrick's day Mar. 17, 2011
i Meeting about filming The Hobbit in NZ
hobbit 39 - - - - Oct. 27, 2010
fool 40 16 28 31|21 17 April Fool's day Apr. 1, 2011
grammy 42 65 47 117 | 22 37 Grammy awards Feb. 14, 2011
i Outrageous Fortune TV series finale -
fortune 43 - - - - NZ Nov. 9, 2010
budget 44 113*| 69* 42* | 415* | 103* | NZ budget May 19, 2011
u2 46 - 406* - - 24* | U2 concertin NZ Nov. 25, 2011
Queensland floods and Cyclone Yasi
cyclone 48 370 | 6 7041 411 571| (Aus) Feb. 2, 2011
i Viral: #changelovetolubesong Mar. 9,
lube 50 122 | 190 314 | 213 | 2011
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Table 5. Top topics for Australia and word rank for thengatopic in other countries. *The word is

primarily associated with another topic for thisinty.

Rank of topic in country

2,

a)

\Y

=)

Word Aus | UK | NZ |India | USA | RSA | Australia topic
easter 1 2 7 25 | 4 10 Easter day, Apr. 24, 2011
valentine 2 1 6 42 2 Valentine's day Feb. 14, 2011
wedding 3 4 2 20 | 15 3 UK Royal Wedding Apr. 29, 2011
Federal Election (Australia) Aug. 2
vote 4 23* | - 141* | 13* | 5* 2010
mother 5 9 16 813 1 Mother's day 8 May 2011
cyclone 6 370 | 48 | 704* | 411 | 571 Cyclone Yasi (Australia) Feb. 2, 2011
bin 7 5 9 9|5 8 Osama Bin Laden death May 2, 2011
Queensland (Australia) floods Jan.
flood 10 693 | 213] - 670 | 346 | 2011
father 11 - 58 | - - - Father's Day Sept. 5, 2010
pant 13 43 19 212 | 24 89 Viral: #moviesinmypants Oct. 31, 200
Earthquake and Tsunami Japan Mar.
japan 14 13 3 13 |9 13 2011
Earthquake in Christchurch, NZ Feb. 2
christchurch 16 76 1 735 | 219 348 | 2012
halloween 17 11 23 50 | 8 39 Halloween Oct. 31, 2010
christmas 20 20 31 281 | 37 121 Christmas
Melbourne Cup horse race (Austral
cup 22 33* | - 11* | - - Nov. 2, 2011
thanksgiving | 23 27 27 57 |1 38 Thanksgiving (US) Nov. 25, 2010
Ex Aus. PM John Howard on Aus. T
howard 25 603 | - - 850* | - Oct. 25, 2010
Anzac Day (Australia-New Zealan
anzac 27 - 69 | - - - Apr. 25, 2011
fool 28 16 40 31|21 17 April Fool's day Apr. 1, 2011
AFL Grand Final (Australia) Australia
afl 35 - - - - - rules football, Sept. 25, 2010
Wikileaks' Assange denied rape bail|i
assange 38 138 287 101|165 | 299 | London (UK), Dec .7, 2010
Judgement day cult prediction (US) M
rapture 39 48 28 367 | 35 127 | 21,2011
1st day of Spring tomorrow, Aug 3
spring 41 450% 73 | - 124* | 7 2010
miner 44 14 14* | 118 | 26 15 Chilean miners released, Oct. 13, 201
Oprah Winfrey records show in Sydne
oprah 45 - - - 377* | 558* | Australia, Dec. 14, 2010
earth 46 - 197 96 | 61* | 49 Earth hour, Mar. 26, 2011
grammy 47 65 42 117 | 22 37 Grammy awards Feb. 14, 2011
apple 50 - - - - - Apple online event in US, Sept. 1, 201
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Table 6. Top topics for India and word rank for the saropid in other countries. *The word is
primarily associated with another topic for thisinty.

Rank of topic in country

Word India | UK NZ |Aus | USA | RSA | India topic
osama 1 12 10 9 7 4 Osama Bin Laden death May12, 20

Indian Independence Day Aug. 15,
independence| 2 4494 - - - - 2010
diwali 3 - 883 | - - 866 Diwali Hindu festival Nov, 2010
valentine 4 1 6 2 2 2 Valentine's day Feb. 14, 2011
republic 5 - - - - - Indian Republic Day Jan. 2612

Anna Hazare (India) anti-corruptign
anna 6 - - 2227 - protest Apr. 7, 2011

Allahabad (India) High Court verdigt
verdict 7 - - 488 | - - on Ayodhya dispute Sept. 30, 2010
mother 8 9 16 5 3 1 Mother's day 8 May 2011

Cricket world cup final, India v S
cup 11 33* - 22*% | - - Lanka Apr. 2, 2011

Earthquake and Tsunami in Japan
japan 13 13 3 14 9 13 | Mar. 11, 2011

Cricket world cup semi-finals, India |v
match 14 - - - - - Pakistan Mar. 30, 2011

Holi Hindu Spring festival (colours),
holi 15 - - - - Mar. 20, 2011

Commonwealth  Games  opening
opening 16 - - 150| 222% 322| ceremony Delhi (India) Oct. 3, 2010

Obama Delhi (India) visit Nov. 7,
obama 17 54* 26*| 36*| 14* | 32* | 2010
royal 18 6 11 8 20 6 UK Royal Wedding Apr. 29, 2011

Ganesh Chaturthi Hindu festival, Sept.
ganesh 19 - - - - - 11, 2011
eid 24 184 - - 709 174 Muslim festival Eid, Sefdt, 2011
easter 25 2 7 1 4 10 Easter day, Apr. 24, 2011
teacher 27 - - - - - Teacher's Day (india), Sep2(8.0
fool 31 16 40 28 21 17 April Fool's Day Apr. 1, 201
children 34 44* - - - - Children's Day (India) Nd4, 2010

Start of Indian Premier League cricket,
ipl 35 - - - - Apr. 8, 2011

Cricket world cup, India v Ireland,
ireland 37 - 758% 554* 136* | March 7, 2011

India vs. Bangladesh cricket world cup
sehwag 39 - - - - - opener Feb. 19, 2011

Australia-India cricket test match Oct
laxman 40 - - - - - 5, 2010

Death of Indian Guru Sri Sathya Sai

Baba Apr. 24, 2011 (Hindu/Muslim
sali 41 - - - - - mix)
budget 42 113*| 44*| 69*| 415*% 103% Indian Budget, F@B, 2011

Cricket world cup Australia vs. India
ponting 43 - - 244% 805 | Mar. 24, 2011

Hindu festival, Kerala, India Aug. 23,
onam 44 - - - - - 2010
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Indian Prime Minister  pres

[72)

pm 45 - - - - - conference Feb. 16, 2011

bihar 48 - - - - - Indian elections Nov 24, 2011
Nokia-Microsoft partnership Feb. 1

nokia 49 352 261| 267 274| 338 2011

halloween 50 11 23 17 8 39 Halloween Oct. 31, 2010
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Table 7. Top topics for the USA and word rank for the sawomgc in other countries. *The word is
primarily associated with another topic for thisinty.

Rank of topic in country

Word USA | UK | NZ | Aus | India | RSA | USA topic
thanksgiving | 1 27 27 23 57 38 Thanksgiving (US) N2y, 2010
valentine 2 1 6 2 4 2 Valentine's day Feb. 14, 2011
mother 3 9 16 5 8 1 Mother's day 8 May 2011
easter 4 2 7 1 25 10 Easter day, Apr. 24, 2011
bin 5 5 9 7 9 8 Osama Bin Laden death May 2, 2011
halloween 8 11 23 17 50 39 Halloween Oct. 31, 2010
Earthquake and Tsunami in Japan Mar.
japan 9 13 3 14 13 13 | 11,2011
vote 13 23* | - 4* 141*| 5* US Senate elections, NBy2010
wedding 15 4 2 3 20 3 UK Royal Wedding Apr. 29, 201
st 17 19 37 - 481 | 31 St Patrick's Day Mar. 17, 2011
veteran 19 - 538| 734| 952 - Veteran's Day (US) N@y.2010
fool 21 16 40 28 31 17 April Fool's day Apr. 1, 201
grammy 22 65 42 47 117 37 Grammy awards Feb. 14, 20
pant 24 43 19 13 212 89 Viral: #moviesinmypants Gtt 2009
Death of Nate Dogg (US) Mar. 16,
nate 25 63 51 128 454 21 | 2011
miner 26 14 14* | 44 118 15 Chilean miners relea€ed, 13, 2010
labor 28 965 | - 82* | 889 - Labor Day (US), Sept. ®1@
super 29 - - - - - Super bowl (US) Feb. 7, 2011
Snowstorm in Midwest, US Feb. 2,
snhow 32 3* 195*% 279* | 677* | 171* | 2011
Judgement day cult prediction (US)
rapture 35 48 28 39 367 127 May 21, 2011
Knicks vs. Celtics basketball (US),
knick 36 - 842*| - 828 | 460 | Apr. 18, 2011
christmas 37 20 31 20 281 121 Christmas
Release of Harry Potter and the
harry 40 42* | 67* | 59* | 179 | 74* | Deathly Hallows, Part |, Nov. 19, 2010
Internet shut in Egypt in response |to
egypt 41 136* 146 | 72 68* 68 unrest, Jan. 28, 2011
Spirit Day (international) -wear purple
to support LGBT bullying victims Oct.
purple 43 177 | 208| 142| - 357| 20, 2010
Charlie Sheen's twins taken away Mar.
charlie 44 250 | 172| 81 69671 317| 2, 2011
Lakers vs. Dallas baketball (US), May
laker 49 - 225 | 675| 686| 729|8,2011
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Table 8 Top topics for South Africa and word rank for tbeame topic in other countries. *The word
is primarily associated with another topic for tbaintry.

Rank of topic in country

Word RSA | UK | NZ | Aus | India | USA | RSA topic
mother 1 9 16 5 8 3 Mother's day 8 May 2011
valentine 2 1 6 2 4 2 Valentine's day Feb. 14, 2011
wedding 3 4 2 3 20 15 UK Royal Wedding Apr. 29, 201
osama 4 12 10 9 1 7 Death of Osama Bin Laden Mag21
vote 5 23* | - 4* 141*| 13* | South African Elections,ayl 18, 2011

1st day of Spring tomorrow, Sept [1,
spring 7 450% 73 41 - 124*| 2010
easter 10 2 7 1 25 4 Easter day, Apr. 24, 2011

Earthquake and Tsunami in Japan Mar.
japan 13 13 3 14 13 9 | 11,2011

Wonderbra’'s National Cleavage Day
cleavage 14 915| - - - - RSA Apr. 15, 2011
miner 15 14 14* | 44 118 26 Chilean miners relea®sd, 13, 2010
fool 17 16 40 28 31 21 April Fool's day Apr. 1, 201

Freedom Day (South Africa) April 27,
freedom 18 - - - 102* 394% 2011
aid 19 255 | 629| 320| 146 104  World AIDS day, Decil,®
nate 21 63 51 128| 454, 25 Death of Nate Dogg (US) & 2011
u2 24 - 46 406 | - - U2 concert South Africa Feb 211

Sharks vs. Bulls, rugby South Africa Qct
shark 25 - - - - - 16, 2011

Arsenal vs. Barcelona, European soccer,
arsenal 27 90 - 235 262 769 Mar. 8, 2011
st 31 19 37 - 481 17 St Patrick's Day Mar. 17, 2011

Nelson Mandela (RSA) hospitalised,
mandela 33 - - - - - Jan. 27, 2011
vagina 35 - - - - - #replacehousewithvagina, MarZii 1
grammy 37 65 42 47 117 22 Grammy awards Feb. 141 20
thanksgiving | 38 27 27 23 57 1 Thanksgiving (US) Ngfy, 2010
halloween 39 11 23 17 50 8 Halloween Oct. 31, 2010

Unofficial National Braai (BBQ) Day
braai 40 - - - - - RSA Sept 24, 2010

Cricket South Africa vs. New Zealand,
proteas 41 - - - - - Mar 25, 2011

Pirates of the Caribbean: On stranger
pirate 42 622 | - 4137 761 818| tides, released, May 21, 2011

Orlando Pirates vs. Kaiser Chiefs (R$A
chief 44 - 972* - - 581* | soccer) Nov 13, 2011
cher 46 41 - 294| - 867| X-factor (UK) final, Dec 2010

Program critical of wealthy RSA
khanyi 47 - - - - - socialites Nov 30, 2011

South African Music Awards, May 21,
sama 48 - - - - - 2011
earth 49 - 197| 46 96 61*| Earth hour, Mar. 26, 2011

Hosni Mubarak under pressure to quit in
mubarak 50 144 228 91 62 62 | Egypt, Feb. 11, 2011
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