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ABSTRACT

Twitter is an electronic medium that allows a large user pop-
ulace to communicate with ead other simultaneously. In-
herent to Twitter is an asymmetrical relationship between
friends and followersthat provides an interesting social network-
like structure among the usersof Twitter. Twitter messages,
called tweets, are restricted to 140 characters and thus are
usually very focused. We investigate the use of Twitter to
build a news processing system, called TwitterStand, from
Twitter tweets. The idea is to capture tweets that corre-
spond to late breaking news. The result is analogousto a
distributed newswire service. The di erence is that the iden-
tities of the contributors/rep orters are not known in advance
and there may be many of them. Furthermore, tweets are
not sert according to a schedule: they occur as newsis hap-
pening, and tend to be noisy while usually arriving at a high
throughput rate. Someof the issuesaddressedinclude remov-
ing the noise, determining tweet clusters of interest bearing
in mind that the methods must be online, and determining
the relevant locations assaiated with the tweets.

Categoriesand Subject Descriptors

H.3 [Information  Storage and Retriev al]: Information
Storage and Retrieval

General Terms
Algorithms, Design, Performance

This work was supported in part by the National Science
Foundation under Grants EIA-08-12377, CCF-08-30618, and
11S-07-13501,as well as NVIDIA Corporation, Microsoft Re-
seard, Google, the E.T.S. Walton Visitor Award of the Sci-
ence Foundation of Ireland, and the National Center for
Geocomputation at the National University of Ireland at
Maynooth.

yDepartment of Computer Science, Center for Automation
Researd, Institute for Advanced Computer Studies, Univer-
sity of Maryland, College Park, MD 20742,USA.

HUD Oce of Policy Developmen & Researd (PD&R), 451
7th St. SW, Room 8146, Washington, DC 20410, USA.

C 2009Associationfor ComputingMachinery ACM acknavledgesthat
this contritution wasauthoredor co-authoredy an emplg/ee, contractor
or afliate of the U.S. Government. As such,the Governmentretainsa
noneclusive, royalty-freeright to publish or reproducethis article, or to
allow othersto do so,for Governmentpurpose®nly.

ACM GIS'09, Novemberd—6,2009. Seattle WA, USA
C 2009ACM ISBN 978-1-60558-649-6/09/11$10.00.

Michael D. Liebermany
codepoet@cs.umd.edu

Hanan Samety
hjs@cs.umd.edu

Jon SperlingZ
Jon.Sperling@hud.gov

Keywords

Twitter, News, Geotagging, Online clustering

1. INTRODUCTION

Twitter * is a social networking website that recertly has
been gaining much attention and following. Twitter is com-
posed of users who send messages(termed tweets) to ead
other, where ead tweet contains a maximum of 140 char-
acters. At this time, it is estimated that there are 6 to 7
million users who use Twitter a total of 134 million times
a month [4], and this number is increasing at a rapid rate.
For example, for the year of 2008, Twitter grew in terms of
the number of tweets sert at a rate of 1382% [12] which is a
testament to the immense popularity and wide adoption of
this service. The popularity of Twitter stems from its avail-
ability on a number of di eren t electronic devices(e.g., web,
cell phones, etc.), aswell asthe prevalenceof a subculture in
Twitter that encouragesusersto acquire a large friend pool,
aswell as sendtweetson a wide variety of subjects, typically
seweral times a day. The restriction on the lengths of Twitter
messagesnvariably meansthat the tweetsdo not necessarily
contain well formed ideas, being rather brief, yet complete
enough so that users can make senseof the ideas that they
convey. Note that tweets also have a medchanism by which
the user canlink to other objects on the web such as articles,
images, videos, etc. (termed artifacts) which is typically used
to link tweetsto related material on the Internet.

The goal of this paper is to demonstrate how to use Twit-
ter to automatically obtain breaking news from the tweets
posted by Twitter users, and to provide a map interface for
reading this news, since the geographic location of the user
as well as the geographic terms comprising the tweets play
an important role in clustering tweets and establishing clus-
ters' geographicfoci. In contrast to news aggregatorssuch as
Google News, Bing News, and Yahoo! News, we introduce a
system called TwitterStand that works exclusively with only
the tweets posted by the users of Twitter. The key novelty
behind TwitterStand is one of mobilizing the millions of users
in Twitter to be our eyes and earsin the world, bearing in
mind that geographically proximate users often tweet about
the same breaking news. In other words, we rely on Twitter
usersto be either providers of original newscontent (e.g., the
2008 Southern California earthquake [13] and the 2009 Ira-
nian election [3]), or expressersof opinions on current news
topics (i.e., mini blogs), both of which enable TwitterStand
to automatically identify current newstopics and cluster the
corresponding tweets into appropriate news stories. We also
assciate an imp ortance scorewith eac newstopic which can
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naturally be deduced from the Twitter environment, as any
news that motivates a large portion usersto express their

opinions quickly and loudly should be an important news
event. A good measurefor determining imp ortance of a news
topic is simply to keeptrack of the number of tweets on the

newstopic that were found by TwitterStand, and how quickly

it found them. In some sense, TwitterStand works because
Twitter usersand the tweetsthemselvesare wired to the real

world, which make Twitter an excellert candidate for track-

ing news.

Another advantage of Twitter is that it is a social network-
ing website, which means that users need not be viewed in
isolation, but instead can be viewed as part of a large net-
work of other users, user groups, and user cliques. Moreover,
users have some meta-data information, such as description,
source location, friends, etc., which means that the social
network structure in Twitter can aid usin nding usersthat
are most likely to tweet about news belonging to a partic-
ular geographic location or region. The source location, or
the geographic location to which the user belongs, can aid
in geotagging of news which means that TwitterStand can
perform geotagging on news topics and assaiate them with
the spatial focus of these news stories. It is important to ob-
serve that TwitterStand is distinguished from the NewsStand
system [18], which is an earlier e ort by the authors, in the
sensethat NewsStand only works with news articles which is
a much easier domain than tweets. The availabilit y of user
meta-data also means that we can break down opinions on
news topics based on a user's sex, location, interests, and
other characteristics, which provides interesting perspectives
into how thesedi erences manifest themselvesinto di erences
of views on issues.

TwitterStand diers from conventional news aggregators.
First of all, news aggregators work with a set of content
providers (e.g., newspapers, television stations, news blogs,
etc.) where any article that they nd is related to news.
These aggregators, in some sense,leverage on the work done
by conventional newspaper organizations. In our case, we
simply usethe tweetsposted by usersof Twitter, which means
that we have to rst determine if the tweet is news or not,
as most of the tweets are not related to news and, moreover,
they enter into TwitterStand at a very high throughput. So,
working with Twitter becomesquite a challenge as Twitter-
Stand needsto be fast, resilient to noise, and hasto literally
pull needles(i.e., news) out of mountains of haystacks (i.e.,
tweets). The brevity of the tweets also meansthat the con-
text of the conveyed information is not presert in the tweet
itself | the assumption here is that the intended reader is
already familiar with the context. What this meansis that
the information in tweetsis time critical, or in other words,
there is a small window of time when the userscan relate to
a tweet, after which it becomesdi cult to parsefor meaning.

There are a number of reasonswhy Twitter, even though
a very challenging medium, is useful for tracking news. Not
surprisingly, Twitter does not mandate any rules or guide-
lines asto what constitutes an acceptable or desirable tweet.
The consequenceis that users post tweets on every conceiv-
able subject, which makes it a wonderful medium for any
kind of concept extraction. TwitterStand can be viewed as a
system to extract concepts where the concept we are trying
to identify from tweetsis news Twitter attracts a diverse
community of users with varied interests [9], although it is
not clear what motivates usersto record or distribute their
thoughts in this medium. Of course, many explanations can
be posited including the small length of the tweets, and its
availabilit y on somany di eren t electronic mediums. Thus, if

we want to nd expressionsof a particular concept on Twit-
ter, we are most likely to nd it, except that it is not clear
how we would go about doing it. However, giventhe diversity
of the topics, nding a single concept such as newsis, as we
said before, akin to nding needlesin stacks of tweets. In our
domain, any tweet that doesnot belongto the news domain
is termed noise. Thus, one of the main contributions of Twit-
terStand is the ability to identify and cluster news tweetsin
a very noisy medium, which is a hard problem. Note that
if Twitter was a more restrictiv e medium, then it would not
be interesting for the kinds of issuesthat we addressin this
paper.

Twitter is a technology that breaks down communication
barriers. It is a medium of instantaneous feedbadk which
means that any action in the real world usually receives a
near instant reaction or feedbad in terms of tweetsexpressing
opinions or reactions to the action. This is another reason
that makesTwitter attractiv e for capturing breaking news, as
there is very little lag betweenthe time that an event happens
oris rst reported in the newsmedia and the time at which it
is the subject of a posting on Twitter. The data is\pushed"
by the content providers (i.e., people who send tweets) and
is delivered nearly instantaneously to the content consumers
(i.e., people who receive tweets, and TwitterStand).  This
is in contrast with conventional news aggregatorsthat must
constantly poll the content providers for updates with web
spiders, which means that there could be a signicant lag
betweenthe time the newsis published and is rst picked up
by the news aggregators. Thus we seethat from the point of
view of speed(i.e., the ability to have a scoop), Twitter gives
TwitterStand an edge over conventional news aggregators.
This can be seenby examining Figure 1 which shows the
relativ e increasein samplesof overall tweet activit y (in tweets
per hour) about the recent tragic death of Michael Jackson,
where tweetson his illness and death werereported more than
an hour before converntional news media.
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Figure 1: Trac in tweets per hour relating to Michael
Jackson'sdeath. The rst tweetin the story wasreported
20 minutes after the 911 phonecall, which was almost an
hour before conventionalnewsmedia rst reported on his
condition.

The conventional news media is often criticized for not ex-
posing consumers to alternate or less popular view points,
which is also a problem for news aggregators as they sim-
ply aggregate news from conventional news media. Twitter-
Stand, on the other hand, aggregatestweets which are basi-
cally original content, albeit a sertence or two long, composed
by thousands of dierent users. This naturally results in a
wide diversity of opinions on a newstopic which makes Twit-
terStand a good medium for exposing readersto the various
facets of a news topic that are otherwise not addressed by



convertional news media. An immediate problem with using
such diversesourcesis that the newsmight not be so credible
which sometimesresults in misinformation being put out as
news[2]. Although this issueis the not the focus of our work,
it can be resolved by imposing a rating system of users, simi-
lar to the onesusedin auction systems(e.g., Ebay, Amazon)
that rewards usersby giving them high credibilit y scoresfor
publishing quality and reliable news.

The rest of the paper is organized as follows. Section 2
describesthe working of tweets and Twitter, while Section 3
lays out the basic strategies in working with Twitter. Sec-
tion 4 preserts the architecture of TwitterStand. Finally,
concluding remarks are drawn in Section 5.

2. TWITTER

In this Section we describe someof the conceptsof Twitter,
the understanding of which is important to designing Twit-
terStand. In particular, we will describe the Twitter system
in terms of users, friends, followers, tweets, hashtags, and ar-
tifacts. We will alsodescribe someof the servicesprovided by
Twitter's public Application Programming Interface (API).

2.1 User Friend and Follower

A useris a person or a systemthat posts a tweet or a mes-
sageon Twitter. In Twitter, a useris identied by a unique
user name. When a user choosesto obtain all tweetswritten
by another user, a friend-fol lower relationship is established.
That is, if usera agreesto receive all the tweetsfrom another
user b, then bis said to be a friend of a. Conversely, when a
addedbasafriend, from the point of view of b, a becamea fol-
lower of b. All tweetsposted by b are now received by a, while
the converseneed not be true as a may not be a friend of b.
This asymmetrical relationship betweenfriends and followers
provides an interesting social network-lik e structure among
the usersof Twitter, and is probably the primary reason for
the popularity of Twitter. Also, Twitter imposesa limit of
2000 friends for a user, but there is no limit of how many fol-
lowers a user can have. It is not uncommon for some users,
such as celebrities, to have millions of followers. These limits
mean that given two usersin a friend-follower relationship,
it can be hard to ascertain the attribute that is common to
them, if any. A variety of meta-data is assciated with eah
Twitter user, such as the list of friends and followers, source
location (i.e., the geographic location of the user), and other
user attributes such as real name, a brief biography, photo-
graph, total number of tweetsposted, last date when the user
posted a tweet, and favorite links.

2.2 Tweet

A tweet is a short messagefrom a user to its set of follow-
ers. In general, tweets are related to blog posts, in the sense
that a tweet is to a blog as an SMS is to an email. A key
property of tweets is that they are restricted to 140 charac-
ters and henceare much more concisethan blog posts, which
is probably the reasonwhy usersof Twitter sendthem more
often, and usually on diversetopics. The short allowance on
tweet size means that the users must be concise, and some-
times have to resort to phrase abbreviations. Interestingly
enough, there is a rich and well understood set of abbrevia-
tions which is surprisingly consistert acrossuser groups, and
even acrossother electronic mediums such as SMS and chat-
rooms. Twitter hasits own set of abbreviations, such as\R T",
\Ret weet", which meansthat a past tweet is being sert once
again by a user,and\DM" , for a direct messagefrom one user
to another. Apart from these abbreviations, tweets may also
contain spelling errors or be grammatically incorrect, which

all contribute toward making Twitter a challenging medium
to work with.

As Twitter is a broadcast medium, tweets are usually di-
rected towards a general audience, but there are special pro-
visions by which a user can direct a tweet at another user, or
sendit asa responseto an earlier tweet. This is usually done
by appending a\@" symbol to the intended user name (e.g.,
\@newsstandumd") and including this keyword towards the
beginning of the tweet. Direct messages,which are part of
the input to our system, are useful as they provide a way of
establishing connections between two users, or between two
tweets.

Another peculiarity of tweets is that sometimesthey con-
tain words prepended by \#" (hash symbols), which are re-
ferred to as hashtags By including a hashtag in a tweet, the
useroriginating the tweetis suggestingthat the word denoted
by the hashtag makes for a good candidate as a seard key
for the tweet. For example, tweets about the 2009 Iranian
elections typically contain the hashtag \#lranianElection"
\#lran" , or some number of other variations, as shown in
Figure 6. It is a fascinating yet not so well understood phe-
nomenon that even though there is no ertity regulating the
hashtags assignedto tweets, there seemsto be only a small
number of hashtags for a particular news topic. In fact, a
simple clustering just based on the similarity of the hash-
tags yields surprisingly good cluster quality, and this sim-
ple idea forms the basis of serviceslike Twitter Search [21],
Twist [20], Monitter [15], Hashtags[7], TweetMeme [19], and
others. However, we obserwe that the resulting clusters are
not comparable to those from an online clustering based on
tweet content.

It is important to note that 140 characters does not al-
low for tweetsthat are verbose,or those that contain a well-
developed idea. This is probably the reasonthat tweets of-
tentimes contain URL link which either directs the reader to
a news article, a blog post, or in many casesinteresting arti-
facts such asrelated websites, videos, photographs, etc. Since
URL strings can be much longer than 140 characters, tweets
usually make use of forwarding servicesthat shorten these
links to under 10{20 characters in length. Some of these ser-
vicesare\ http:// tinyurl. con¥,\ http:// bit. ly ", \ http://

r. im", and\ http:// z. pe".

2.3 Twitter Sewices

Twitter providesthe necessaryinfrastructure to ensurethat
tweetswritten by a user are broadcasted to all the user's fol-
lowers, and that tweetsfrom the user'sfriends are deliveredto
the userin atimely fashion. This stream of tweetsis available
to the user through seweral dierent sources,including the
main Twitter website as well as seweral other websites built
around Twitter. These tweets are also available through the
Twitter API servicein Extensible Markup Language (XML)
and JavaScript Object Notation (JSON) formats. Twitter
also publishes di eren tly-sized samples of the entire set of
tweets generated by all Twitter users through three public
feeds, called the public timeline, spritzer, and GardenHose
These feedsare of di eren t and increasing sizes,although the
public timeline and spritzer feeds are relatively small, with
a dierence of sewral orders of magnitude. On the other
hand, the GardenHosefeed provides a limited set of approved
Twitter userswith accessto a much larger stream of tweets,
although there is no way of determining what percertage of
tweetsconstitute it, exceptthat it is still a very small percert-
ageof all the tweetsgenerated by all the usersof Twitter. In
addition to the above feeds,a limited set of approved Twitter
usersalso have accessto a service called Bir dDog, that allows
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Figure 2: Systemarchitecture of TwitterStand.

usersto obtain all the tweets written by up to 200,000users
in Twitter. In other words, the BirdDog mecdhanism allows
certain usersto exceedthe normal limit of following just 2,000
other users. It is important to note that ead such userhasa
di eren t BirdDog feed. Therefore, the key di erence between
the GardenHoseand the BirdDog feedsis that in the caseof
the BirdDog feed, we have to specify a list of usersto obtain
all of their tweets, while the GardenHosefeed s just a sparse
sampling of all the feeds posted by all the usersin Twitter

with no control over the identity of the usersthat generate
the tweetsin the feed. Note also that all of these feedsvary
periodically in their trac according to the time of day, such
as weekdays versusweelends, day versusnight, etc.

Twitter alsoprovides a seard serviceto contin uously mon-
itor or seard tweetsby keywords, hashtags or user name, but
this service is limited to 40 seard keywords. Also, Twitter
has APl functions to obtain user-speci ¢ information that can
be usedto build a network of friends.

3. KEY STRATEGIES

In this Section we presert a few key strategies that we de-
veloped in order to build a news system from Twitter, which
is a very noisy medium with data coming in at a high through-
put rate.

1. Tweets arrive at a furious rate, and an attractiv e as-
pect of Twitter is that these tweets capture the pulse
of the moment. The worst thing that we can do with
such a data stream is to not processit right away but
to do so in batches. However, processingtweets right
away is more easily said than done. We are familiar
with algorithms that have accessto the ertire input set
before the start of execution, but designing algorithms
that can work without seeingthe ertire dataset is not
easy In particular, it calls for algorithms that are on-
line in nature, which meansthat they canwork on input
datasets where the input is encourtered one elemert at
a time.

2. Tweetsare inherently noisy, as most of them are of very
little interest to a broad audience. The challenge in
working with such a noisy medium is that we must rst
improve the quality of the input by trying to extract
useful information from noise. Even those tweets that
are related to news have lessinformational content than
newsarticles or blog posts, due to the limitations on the
size of the tweets as there is only so much that can be
conveyedin 140 characters. Also, spelling errors, abbre-

viations of words, and grammatically incorrect language
make solving this problem a challenge.

. Twitter is a constantly evolving medium where users
leave, new usersjoin, active usersbecomeinactiv e, and
users become friends and followers. Consequerly, al-
gorithms intended for such an evolving medium should
keep up with its dynamics. This meansthat systems
built on Twitter should make new knowledge discov-
ery an intrinsic part of their inner workings, or their
e ectiv enesswill diminish as the medium changes sig-
ni can tly sincethe time that the system was designed.

. One of the main reasonsfor Twitter's successs that it
has an open policy when it comesto which users can
be friends of other users. In particular, there is no limit
on who can be your friend or who can have you as a
friend as well as how many of them (in this casethey
are your followers); however, there is a limit on how
many friends you can have (i.e., follow). As a result, it
is commonplace for usersto be friends with other users
who are unknown to them in real life. This hasthe con-
sequencethat two usersthat are friends neednot always
have similar interests. In our application, we are inter-
ested in tweets related to news events. Therefore, for
a news system like TwitterStand to be successful,it is
necessaryto identify a core group of peoplewho mainly
tweet about news. A good strategy for nding users
with certain interests (e.g., news) is to manually iden-
tify usersthat are related to newsand then look for the
most common set of followers among them. In our ex-
perience, this works much better than other approaches
that try to mine structures in the social networks of
usersin Twitter. Furthermore, studies (e.g., [8]) have
shown that a small core group of people accourting for
lessthan 10% of the usersin Twitter are responsible for
more than 90% of the tweets, indicating that manual
identi cation of a core group of news-related users is
feasible.

5. In most cases,Twitter will lag behind conventional news

outlets, excepting those caseswhere the users them-
selvesprovide the news such asthe 2008 Southern Cal-
ifornia earthquake [13], or the 2009 election results in
Iran [3]. Detecting breaking news is one of Twitter-

Stand's goals, but this is a hard problem. Another as-
pect of TwitterStand that distinguishes it from conven-
tional newsaggregatorsis that by aggregating tweetson
a news topic, we also obtain rich user-generated news
content such asvideos and photographs, or links to con-



tent on the Internet that is not typically covered by
convertional news media. The news posted as tweets
usually have a dierent avor from conventional news
sourcesin the sensethat, at least presertly, it is more
biased toward entertainment, politics and technology
than towards, say, scienceand philosophy.

4. ARCHITECTURE OF TWITTERST AND

Our goal is to build a news processingsystem from Twit-
ter tweets. The idea is to capture tweetsthat correspond to
late breaking news. The result is analogousto a distributed
news wire service. The di erence is that the identities of the
contributors/rep orters are not known in advance and there
may be many of them. The tweets are not sert according
to a schedule. We have no reporters being assignedto cover
stories. The tweetsoccur as newsis happening and are noisy
while usually arriving at a high throughput rate. In the fol-
lowing we presert the system architecture of TwitterStand,
which is shown in Figure 5.
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Figure 3: Sourcelocation of usersin the Seederdeed.

Seedes.

Seederscome from 2,000 handpicked usersthat are known
to publish news. They consist of newspapers and television
stations that publish news in tweets, as well as users drawn
from newspaper reporters, bloggers who write on news top-
ics, and other userswho are primarily interested in news. We
show the source location of the usersin the Seedersfeed in
Figure 3. Tweets from Seedersusually contain links to arti-
cles on news websites (i.e., artifacts). Note that even though
this input is similar to a conventional newswebsite, there are
some di erences between this and systemsthat spider news
websites for updates. In the caseof Twitter, Seeders'objec-
tive is to get the newsas quickly as possibleto their intended
audience, meaning they will push newstweetsas soon aspos-
sible. As a result, there is almost no lag between the time
that the news is produced and the time that it is obtained
by us. On the other hand, systems like Google News and
NewsStand must poll news websitesfor updates. So, there is
an advantage in Seedersnding newsas opposedto the other
way around.

GardenHose.

We have accessto the GardenHose which is a sampling of
all the tweets published by all the usersof Twitter. This is a
very noisy input feedand contains tweetsfrom diversetopics,
most of which are not related to news.

BirdDog.
This service allows us to obtain feedsfrom up to 200,000
users. One of the goals of TwitterStand is to constantly keep

identifying those usersthat usually tweet about news. This
set is initially empty, but as we identify usersthat are good
candidates, we add them to this set. The algorithms for iden-
tifying such usersare described in Section 4.7.

Artifacts.

A tweet may sometimeslink to an external resourcereferred
to as an artifact, which is usually intended to be additional
content given the brevity of the tweet. Usually, these link ed
artifacts are articles, images, videos, or other media on the
Internet. We use an image and video extraction algorithm
from NewsStand to index and extract these artifacts. When
the artifact is an article, we can either usethe text from these
articles, or simply discard them. In TwitterStand, we only
retain those artifacts from the Seedersfeed, and discard those
from other feeds.

Track.

TwitterStand's track serviceallows usersto specify up to 40
keywords, and provides a stream of tweets containing one or
more matching input keywords. This a ords usersa powerful
way to have TwitterStand automatically generate a pool of
appropriate seard keysto scour Twitter for potential news
tweets of interest. We discuss a method to automatically
generate these seard keysin Section 4.6.

4.2 Separatingthe Chaff

To distinguish news from noise, we apply ltering on in-
coming tweetsfrom all the inputs, with the exception of those
tweets from the Seeders.In particular, we classify incoming
tweets as either junk or news where junk tweetshave a good
chance of not being related to the news and hence, are dis-
carded, while the news tweets have a good chance of being
related to news. Note that our goal is not to completely rid
of noise, which may not even be possible given the uncertain
boundary between news and noise, but instead to nd a way
of discarding tweetsthat clearly cannot be news. So, the goal
hereis to throw away as many tweetsas possiblewithout los-
ing many newstweets. For this purp ose,we usea naive Bayes
classi er [14] that is trained on a training corpus of tweets
that have already beenmarked as either newsor junk. Given
a tweet t represerted as a set of words wi;wsz;:::wy, the
probabilit y that t is junk is denoted by P (Jjwi;wsz;:::wy),
which can be rewritten as follows using Bayes' theorem:

p(wi; wa; i wgjd)
P(W1; W) i wi)
Similarly, given a tweet t, the probabilit y that it is a news
tweetis givenby P (N jwq;ws;:::wy), which canalsobe rewrit-
ten using Bayes' theorem.

P(Jjwa;wz;iiiwi) = p(J)

(W1;Wz; Wi jN)
P(W1; Wa; i wi)

Using the assumption of independence among the words
in t, we can reduce the above equalities as follows, where
Z is a normalizing factor that ensuresP (Jjwy;wy;:::wg) +
P(Njwi;wa;::iwg) = 1.

P(Njwiiwz;::iwi) = p(N) P

p(d) Y p(wijd)

P(Jjwy;wa;iiiwg) = > (W)
i=1 :

o p(N) Y pwiN)
P(Njwy;wo;:iiwg) =
1, W2 k Z - p(W1)




Dividing the above equalities by ead other, and taking the
logarithm of both sides, we get:

PI), X

P(Jjwy;waiiwg) _ log( )+ log
i=1

_ p(wijJ)
P (N jwa;wz:iwyg)

p(wijN)

If D < 0, then the tweetis classi ed asnews elsethe tweet
is classied as junk and discarded. In the above equation,
P (J) is the fraction of the total number of words in tweets
marked as junk in the corpus to the total number of words
in the corpus. Similarly, P(N) is the fraction of the total
number of words of tweets marked as news in the corpus to
the total number of words in the corpus. Now, P(w;jJ) is
obtained by taking the ratio of the number of times word w;
appears in tweets marked as junk in the corpus to the total
number of times it appearsin the corpus. Similarly, P (w;ijN)
is obtained by taking the ratio of the number of times word
w; appears in tweets marked as news in the corpus to the
total number of times it appearsin the corpus. Note that we
calculate the values of P(J), P(N), P(w;jJ), and P (w;jN)
apriori and store them in a disk-based table.

In order to ensurethat we do not classify tweetsrelated to
news as junk, we use a corpus that has both a static and a
dynamic component. The static corpus is made up of a large
collection of news tweets labeled as news as well as another
large collection of tweets that are junk. In addition to the
static corpus, we also usea smaller dynamic corpus of tweets,
labeled as news which is periodically obtained from the clus-
tering module. This corpus contains recert news tweets be-
longing to the news topics at the moment. The idea here
is that the static corpus aids us in identifying news tweets
on topics that we have not encourtered previously, while the
dynamic corpus aids us in identifying tweets about current
events. In addition to keywords, the dynamic corpus also
contains hames of peoplein the news and current hashtags,
which both aid in classifying tweets as news. Those tweets
classi ed asnewsnow proceedto the next stage of execution.

4.3 Online Clustering

The main goal here is to automatically group news tweets
into sets of tweets, termed clusters, such that ead cluster
contains tweets pertaining to a speci ¢ topic. This problem,
called topic detection, is similar to clustering in the docu-
ment domain, and diers from tweet classication in that
TwitterStand does not know the identity of topics before-
hand. Furthermore, given that we are interested in detect-
ing new topics, no training set can accurately predict future
events. As news tweets enter this stage, we assignthem to
news clusters, which is a one-shot process,meaning that once
a tweet is added to a cluster, it remains there forever. We
will never revisit or recluster the tweet, which is desirable be-
causetweetsare coming into TwitterStand at a high through-
put rate, and we need a fast and e cien t tweet clustering
system that maintains good quality clustering output. In
other words, our clustering algorithm is an online algorithm,
and the additional constraints imposedon this problem add
new complexity. In particular, we usea clustering algorithm,
called leader-follower clustering [5], which allows for cluster-
ing in both content and time. We modied it sucien tly so
that it works in an online fashion as well as becoming more
resilient to noise.

Our online clustering algorithm maintains a list of active
clusters. Along with ead cluster, we assaiate a feature vector
(i.e., weighted list of keywords), collected from the contained
tweets' terms and weighted using the TF-IDF [10,16] mea-
sure. We also store the time centroid of ead cluster, which

D = log PN

is the mean publication time of all the tweets forming the
cluster. A cluster is marked inactive if the time certroid is
greater than three days, in which case no additional tweet
can be added to the cluster. When an input news tweet t
is obtained, we rst represert t by its feature vector repre-
sertation using TF-IDF. We then use a variant of the cosine
similarity measure [17] for computing the distance betweent
and a candidate cluster c, which is de ned as follows:
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where TFV;, TFV, are the feature vectors of t and ¢, respec-
tively. t is added to the closestcluster c aslong as (t; c) ,
where is a pre-speci ed constant. If no such cluster exists,
then we start a new cluster with t asits only member.

To accourt for the temporal dimension in clustering, we
apply a Gaussian attenuator on the cosine distance that fa-
vors input tweets being added to those clusters whose time
certroids are closeto the tweet's publication time. In particu-
lar, the Gaussian parameter takesinto accourt the di erence
in days between the cluster's time centroid and the tweet's
publication time. Our modied distance formula is

(Tr_To)?
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where T; is t's publication time and T. is cluster c's time
certroid.

To expedite the seard for a cluster c that is nearestto t as
well aswithin a distance of from it, we maintain an inverted
index of the cluster centroids. That is, for eac feature f , the
index stores pointers to all clusters containing f. We usethis
index to reducethe number of distance computations required
for clustering. When a new tweet t is encourtered, we only
compute the distances to those clusters that have at least
one feature in common with t. As a further optimization,
we maintain a list of active clusters whose certroids are less
than a three days old. Only those clusters in the active list
are considered as candidates to which a new article may be
added. Together, these optimizations enable our algorithm
to minimize the number of distance computations necessary
for clustering a tweet.

Nevertheless,given the noisy input and the additional con-
straints on the clustering algorithm, it is not surprising that
this algorithm alone does not work very well. Below, we
briey describe some additional improvemerts to this algo-
rithm that make it better suited for the developmental chal-
lengesunique to Twitter, and ensurebetter clustering results.

Dealingwith Noise.

It is important to understand that we are trying to cluster
in avery noisy medium which is a big challengein itself. Here,
we take a useful tip from gardening, which is that if you are
careful about the seedsthat you plant, you will only grow the
plants that you desire. The analogy in the document domain
is that if we are careful about seedinggood quality clusters,
we will obtain relatively noise-free news clusters at the end
of the clustering process. A simple way of doing this is to
only allow tweets from reputable sources, such the Seeders,
to form new clusters, while all the other feedsare permitted
to add to existing clusters, but are not allowed to start new
clusters. In other words, if a tweet from any feed other than
the Seederfeedis not within  of an existing cluster, we will
simply discard it. The drawback of this compromise is that
if a particular news topic (e.g., the 2008 Southern California
earthquake) is reported by users of Twitter before conven-



tional news sources,then this clustering policy will drop the
tweets on this breaking news event until a cluster is seeded
by a tweet from the Seedersfeed. In order to overcome this
drawback, we relax the above rule by allowing any tweet to
form a cluster, but the resulting cluster is marked as inac-
tive if after k tweets have been added to the cluster, none
of the k tweets are from the Seedersfeed. This is analogous
to a gardener waiting for a sapling to grow before deciding
if it is a weed or not. From our experience, the idea of us-
ing Seedersto determine if a cluster is newsor not, is a very
powerful idea as it demonstrates how good clustering results
can be achieved even in very noisy environments, which is a
contribution in itself.

Fragmentation.

A major problem with the online clustering algorithm is
that it leadsto fragmentation meaning that there can be sev-
eral duplicate clusters on a single topic, which is undesirable.
This occursfrequently with online clustering algorithms when
an input tweett belonging to the samenews topic as a clus-
ter c is at a distance of from c, which meansthat t starts
a competing duplicate cluster c®. Subsequer topical tweets
now can be added to either ¢ or c®, which meansthat in the
long run, ¢ can potentially lose half of its tweetsto ¢’ In
reality, this situation can deteriorate to such an extent that
the incoming tweets are being distributed amongst tens or
even hundreds of duplicate clusters on the sametopic, which
meansthat there will essetially be no clustering. We over-
come this problem by periodically chedking amongst all the
active clusters if they are potential duplicate clusters on the
same topic. In particular, if we nd that c¢ and c° are du-
plicate clusters, we mark the older one in terms of the time
certroid, sa c, as the master cluster, and mark c? as the
slave cluster. Now, any input tweet that is within a distance
of of a slave cluster is simply added to the master cluster.
This arrangemernt works well becauseit practically removes
the problem of fragmentation at the expenseof a few tweets
being lost to the slave clusters.

WeightUpperBounds.

One issuethat arises with a dynamic corpus is that new
features that enter into the corpus for the very rst time
will have a large TF-IDF values, even if they are relativ ely
unimp ortant, or more common in tweets, or simply misspelled
words. Consider a tweet t which arrivesinto TwitterStand,
and contains afeature f which is not presert in our corpusdue
to which f will initially have a high TF-IDF value. For the
sake of argument, let us assumefor the rest of this discussion
that f is not an important feature. As f's TF-IDF value is
large, this may causeincoming tweets containing the feature
f to cluster with it, resulting in clusters that only have f in
common, resulting in spurious clustering. In order to avoid
this problem, we stipulate that a single feature alone (i.e., f)
should not causea tweet to be added to a cluster. We will
require that at least k dominant terms, where k is typically
a small number (but more than one), should be in common
between the tweet and the cluster to which it is added.

Phrases.

Phrases are features containing two or more terms (e.g.,
\Barac k" and\Obama" ) that usually occur together, and some-
times they only have a semartic meaning when grouped to-
gether (e.g.,\San" and \F rancisco") which is otherwise lost
when they appear individually . Treating them as separate
features (i.e., the bag of words model) often producesa cor-
rect clustering. For TwitterStand, we are more concerned

with spurious clusters arising when the multiple words that
make up a single phrase end up with large TF-IDF scores,
thereby resulting in tweets being added to a particular clus-
ter becausethey sharea phrasein common. For example, the
phrase\Barac k" and\Obama" may dominate the features of a
cluster to such an extent that tweetsmay now be addedto this
cluster simply by containing the phrase\Barack Obama" in
them, which may result in poor clustering. There are seweral
ways of addressingthis problem. A simple way of determining
if words t; and t, belongto the samephraseis to seewhether
there exist many occurrencesof t1 closeto t, within a tweet
(not separated by a punctuation mark). Here we distinguish
two kinds of relationships betweenwords in a phrase. In the
caseof\Barac k" and\Obama", the word \Obama" dominates
the word \Barack" as it is more commonly used, sometimes
even without the other one being presert. In this case,we
choosethe more dominant one (i.e., \Obama"). On the other
hand, in the caseof\San" and \F rancisco", both the features
appear together all the time, and we simply merge them to
form a single feature.

Figure4: Geotaggingof the tweetsof accidentsin Los An-
geles,CA was made possibleby incorporating the source
location of the user.

4.4 Topic GeographicFocus

After clustering the tweetsintro ducedto TwitterStand into
topics, we now try to locate and extract geographic content
from ead cluster. In other words, we assciate ead clus-
ter of tweetswith a set of geographiclocations that is deter-
mined to beits geographicfocus. This processenablesspatial
exploration of the news in tweets by unifying explicit tweet
content with its implicit geograply. We do so by making use
of both tweet content (i.e., text) and the source location of
the user that generated the tweet. Figure 4 is an example
of geotagging tweets of trac incidents in Los Angeles, CA,
which was made possibleby incorporating the tweets content
with the sourcelocation (i.e., Los Angeles) of the user. Us-
ing both content and source location is especially important
for tweets due to their limited messagesize and minimally-
edited nature. Once geographic content has been extracted
from ead tweet, we aggregate per-tweet geographic content
to determine the cluster's overall geographicfocus. Below, we
describe our content and sourcelocation basedgeographiclo-
cation extraction methods for a single tweet, and our topic
focus method.

Using TweetContent.

In terms of tweet content, we perform what is called geo-
tagging [1] on ead tweet's text, aswell asany articles linked
from the tweet (i.e., the tweet's artifacts). Geotagging con-
sists of two steps. The rst step, toponym recognition, means
nding all instances of textual referencesto geographic loca-



Diplomats deliver ultimatum on Honduras coup
Less than 1 hour ago - guardiannews

Diplomats deliver ultimatum on Honduras coup

1011 tweets - Similar Stories - Original Source - Locations

with no news coverage
Less than 1 hour ago - Twitter-Streaming

1033 tweets - Similar Stories - Original Source - Locations

do the same to Michaels kids Give Debbie rowe a go
Less than 1 hour ago - Twitter-Streaming

kids Give Debbie rowe a go
574 tweets - Similar Stories - Original Source - Locations

Marines establish positions in Afghan assault
Less than 1 hour ago - timesnews

Marines establish positions in Afghan assault

209 tweets - Similar Stories - Original Source - Locations

1 hours ago - Twitter-Streaming
62 IranElection Tehran Mousavi Iran neda Neda How to send an anonymous email
5422 tweets - Similar Stories - Original Source - Locations

Sanford to reveal schedule details

Less than 1 hour ago - thestate

Sanford to reveal schedule details

1175 tweets - Similar Stories - Original Source - Locations

The news is all over Michael Jackson while North Korea is threating us and testing missiles

The news is all over Michael Jackson while North Korea is threating us and testing missiles with no news coverage

thinks jacksons dad Joe should not be anywhere near those kids he abused Michael and will

thinks jacksons dad Joe should not be anywhere near those kids he abused Michael and will do the same to Michaels

62 IranElection Tehran Mousavi Iran neda Neda How to send an anonymous email
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Figure5: Screenshobf TwitterStand with the left paneshawving the result of the online clusteringon tweetswith their

corresponding geographicfocus shown in the right pane

tions, called toponyms, in the text, and is dicult because
many names of places are also names of other ertities (e.g.,
\Jackson" which can be a location but is also a common sur-
name). The secondstep, toponym resolution, involves deter-
mining the correct geographiccoordinates for eat recognized
toponym out of all possible interpretations, which are often
numerous (e.g., choosing the correct \P aris" out of over 140
possibilities).

For toponym recognition, we use a combined strategy that
usestools built to solve related recognition problems in Natu-
ral LanguageProcessing(NLP), namely Part-Of-Sp eed (POS)
tagging [10] and Named-Entit y Recognition (NER) [10]. POS
tagging requires that eat word in the text is assignedwith
its proper part of speed, asusedin context, which is helpful
for top onym recognition becausetop onyms are usually proper
nouns. NER's goalis to extract typed entities from text such
as persons, organizations, and locations, of which the latter
can be used directly for toponym recognition. State-of-the-
art statistical POS and NER methods use sertence structure
and language features learned from a large corpus of anno-
tated text. However, these POS and NER methods carry a
signi cant caveat when geotagging tweets, becauseno anno-
tated corpus of tweets yet exists. They are normally trained
on corpora of full text documents such as news wire articles,
which are very dierent from tweetsin terms of length and
content, and so may not correctly recognizethe toponyms in
tweets. In this case,we fall back on using the TF-IDF mea-
sure [10, 16], which extracts \in teresting" phrases from text
but ignores sertence structure.

After toponym recognition, we assaiate eac recognized
toponym with a list of geographic interpretations via name
lookup into a gazetteer, or database of geographic locations
and assaiated meta-data. Our gazetteer is based on the
GeoNames[6] gazetteer, an open gazetteer constructed and
maintained by volunteers around the world. The database
contains almost 7 million entries, and multiple kinds of meta-
data, such as feature type (e.g., country, city, river, moun-
tain), population, elevation, and hierarchical containment in-
formation. We store and query a local copy of the gazetteer
in a PostgreSQL database.

Once ead toponym has a set of interpretations from the

gazetteer, we perform toponym resolution to decide on the
correct interpretation for each toponym. Our resolution pro-
cedure relies on a variety of heuristics inspired by the way
humans specify and interpret toponyms. The main heuristics
we use resolve top onyms using geographic containment, such
as\College Park, Maryland", and prominent toponyms such
ascountry names. These and other heuristics are usedin our
STEWARD [11] and NewsStand [18] systems. However, con-
sider that these previous methods, and in fact any resolution
method intended for full-sized text documents, will struggle
with toponym resolution in 140-character tweets. This is be-
cause most such methods rely on multiple toponyms in the
document providing evidencefor eac other, usually in terms
of geographicdistance, document distance, or geographiccon-
tainment, and tweets normally contain at most only one or
two toponyms. Therefore, rather than attempting a full res-
olution of all toponyms in the single tweet, we defer di cult
resolutions to the topic focus step described below, which will
consider all possible interpretations for a dicult toponym
rather than a potentially erroneousresolution of the top onym.
Note, however, at this stage we can also use the artifacts to
aid in geotagging, asthey are mostly newsarticles which are
much longer than tweets. We can geotag artifacts that are
news articles using the geotaggerfrom STEWARD [11].

Using TweetMetadata.

In addition to the textual content of each tweet, we also col-
lect the meta-data of the user that created the tweet, and in
particular the user's source location. This location is stored
as free-form text, much like toponyms in tweet content (e.g.,
\College Park, MD", \P aris", or \England" ). As a result, we
can perform a much simpli ed geotagging processthat omits
the toponym recognition step (since the user's location is the
only text under consideration, and it is known to contain a
toponym) and directly resolve the location using our contain-
ment heuristic for toponym pairs (e.g., \College Park, MD")
or prominence heuristic for single toponyms (e.g., \United
States"). Of course, usersare free to enter whatever location
they wish, and they may enter text that is not a toponym at
all. However, in most cases,users enter valid toponyms and
user locations serve as a useful source of geographic evidence,



especially for tweetsthat do not contain any toponyms at all.

ComputingTopic Focus.

Finally, after analyzing the content and user locations for
all tweetsin the cluster, we compute a geographic focus for
the topic asawhole by ranking the geographiclocations in the
cluster. One basic measure of relevance used in our ranking
is the frequency of occurrence of eat geographic location in
the cluster. The reasoning is that if a geographic location
is important to the topic at hand, it would be mentioned
in many tweets and linked articles belonging to the cluster.
Also, for each toponym which had not beenfully resolved in
the toponym resolution step described earlier, we divide the
toponym's frequency among all its possible interpretations.
Another consideration is that geographic locations that are
nearby to eac other lend evidenceto ead other, sowe give a
higher relevancescoreto groups of locations that are mutually
proximate. We combine these two measuresto weight eadc
geographic location in the cluster, and report the top few
locations as the cluster's geographic focus.

4.5 UserInterface Issues

TwitterStand's user interface is similar to that of News-
Stand [18], in the sensethat the screenis partitioned into
two panes, with the left pane ranking the clusters in a de-
creasing order of importance, and the right pane containing
a map assciating clusters with their geographicregion of in-
terest. As usersinteract with the map interface with pan and
zoom actions, the map is constartly refreshedwith the most
relevant clusters of news stories for the current viewing win-
dow, thereby keeping the window lled with clusters of news
stories, regardless of position or zoom level. A given view
of the map attempts to produce a summary of the clusters
of news stories in the view, with the clusters selected using
a combination of story signi cance and geographic spread of
their geographic foci. Usersinterested in a smaller or larger
geographic region than that visible on the map have the op-
tion to zoom in or out to retrieve more clusters of stories
about that region.

The user interface described above is tied to another mod-
ule that disseminates news as tweets on Twitter. In other
words, TwitterStand sendsperiodic breaking newsupdates as
tweets, such that a tweet contains the URL of its correspond-
ing news topic on the user interface. Using this mechanism,
userson Twitter can examine all the tweetsthat are related
to a news topic, as well asthe geographic locations, images,
videos, keywords, and hashtags assaiated with them. We
will provide an API for TwitterStand by which userscan cre-
ate personal customized TwitterStand accourts, where they
can specify the kinds of tweets they would like to receive.
For example, users will be able to choose the topic (e.g.,
general, politics, sports, entertainment, technology, science,
and health) and geographic region of interest of news sto-
ries, as well as the rate at which TwitterStand should send
out tweets, and formatting options such as inclusion or non-
inclusion of hashtags, URLs, images, etc.

4.6 Topic Hashtags

An interesting aspect of how tweetsare clustered lies in our
ability to automatically discover a collection of hashtags cor-
responding to a newstopic by simply aggregating and thresh-
olding all the hashtags presert in tweetsbelongingto a cluster
c. For example, Figure 6 shows the hashtags assaiated with
the 2009 Iranian elections, where the size of the font of a
hashtag h in the Figure is made proportional to the number
of times h appearsin the cluster. Note that this clearly illus-

trates why the online clustering algorithm is superior to meth-
ods [7,15,19{21] that aggregatetweetssimply on the basis of
common hashtags, which invariably lead to fragmented and
duplicate clusters. Instead, we usethese topic hashtags asso-
ciated with a cluster c in the following two ways. First, the
hashtags aid the clustering processby reducing the values
for those tweets and clusters that have one or more hashtags
in common. Second, topic hashtags are used as seard keys
on the Twitter track interface to proactively seard Twitter
for more tweets belonging to a particular topic.

4.7 Friend Finder

Finding new friends (i.e., more appropriately, updating the
set of friends) forms an integral part of TwitterStand. Stud-
ies (e.g., [8]) indicate that 10% of the most active userscon-
tribute up to 90% of the tweets. Moreover, giventhat Twitter
is a dynamic medium, nding new friends that tweet about
and create news. is critical to TwitterStand's success. It is
interesting to obserwe that the BirdDog feed enables Twit-
terStand to obtain tweets from 200,000 users, which means
that we needto have some automated meansof nding new
friends as well as pruning away those that becomeinactiv e.
We do this by rst pooling all the followers of the usersin
the Seedersfeed, and then identifying the top 200,000 users
among them that they havein common. The idea hereis that
any user who follows many of the usersin the Seedersfeed is
likely to be interested in and tweet about news. As Twitter-
Stand executes,we keeptrack of how many tweetsfrom eact
of the usersin both the BirdDog and the GardenHose feeds
end up clustering with a newstopic. If aparticular userin the
GardenHosefeed has contributed a su cien tly large number
of tweetsto news topics over a given period of time, then we
add the user to the BirdDog feed. Similarly, a prolic user
in the BirdDog feed will end up being added to the Seeders
feed if over time the user has contributed enough number of
tweets to news topics. We also discard users both from the
Seedersand the BirdDog feed if none of their tweets cluster,
which would indicate that they may be inactive, or not so
interested in newsin that they do not contribute tweetsto a
particular topic su cien tly often.

5. CONCLUDING REMARKS

We have described a generaltechnique for extracting a con-
cept from a noisy medium. Although we have preserted in
the context of a newsapplication, our techniques are far more
generaland canbeapplied in the extraction of other concepts,
including but not limited to sporting events, products such
as recalls, diseasessuch as monitoring swine u outbreaks,
celebrity movemerts including gossip, keeping up with dis-
tributed events with no centralized hierarchy, etc. All that is
required to construct any of these systemsis to useadi eren t
set of Seedersand an appropriate training set for the tweet
classi er. The main issuewasin dealing with noisy data, and
we have described seeral productiv e strategies developed for
overcoming noise. In particular, even though our input was
quite noisy, we manually identi ed a small sampling of the in-
put that wasgenerally of a good quality, and usedit to process
the rest of the noisy data. Thus, TwitterStand works primar-
ily due to our ability to understand how to deal with data of
di erent qualities. Note that TwitterStand can be trivially
combined with a traditional news aggregator by adding any
news obtained by crawlers to the Seedersfeed. Moreover, we
can now add noisy feedsfrom many other domains, such as
other social networking websites (e.g., Facebook), or blogs,
by simply including them as noisy feeds. We used a naive
Bayesian classi er to improve the quality of the noisy feeds



Figure 6: Hashtagsassaiated with the cluster of the Iranian election from June 2009.

by throwing away a large portion of the noise tweets, while
only losing a very small portion of newstweets. We employed
a dynamic corpus to sensitize the classi er to current news.
We obsene that the sheerenormity of the data means that
algorithms will haveto be online in nature, which can be chal-
lenging. The online clustering algorithm that we preserted
in this paper is quite fast and robust for mitigating noise. In
addition, we described methods for geotagging news, as well
as a user-interface for displaying news.

It is important to obserwe that Twitter, or most likely a
successorof it, is a harbinger of a futuristic technology that
is likely to capture and transmit the sum total of all human
experiences of the moment. Such e orts will result in the
development of an intricate understanding of people, their
lives, concerns, interests, and opinions. Leaving privacy con-
cerns for the moment, this is a powerful experiment that has
the potential to fundamentally change the world we live in.
Thus, even though this technology seemsa bit far fetched at
the moment, and acknowledging the undeniable enormity of
privacy and security concerns, we are nonethelessinevitably
moving towards such an interconnected world. TwitterStand
is an attempt to harnessthis emerging technology to gather
and disseminate breaking newsmuch faster than conventional
news media. As Twitter gathers wider acceptance, Twitter-
Stand will carry newsin an even wider range of expressions,
thoughts, opinions, and artifacts pertaining to newssothat it
is truly represertativ e of the presert momernt. In our opinion,
TwitterStand in its current form is a good rst step towards
this goal, and the lessonslearned in this paper will lead to
further improvemerts.
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