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ABSTRACT ceptions about her (she ishégname, athinker, and agood-
In this paper, we design and evaluate a novib-is-who blogger(s).) Compargd to existing approaches for.inferrir]g
service for inferring attributes that characterize indil topics related to Twitter users [8, 13, 14], the attributes i

Twitter users. Our methodology exploits thests feature, ferred by ourwho-is-who service provide a more accurate
which allow a user to group other users who tend to tweet and comprehensive characterization of Twitter users.

on a topic that is of interest to her, and follow their collec- professors

tive tweets. Our key insight is that the List meta-data (neme a[}ademll}s statphys

.,..m gsresearch

and descr?ptions) p_rovide v_aluable §eman_tic cues abqut who hsmc I e n c social-networks
the users included in the Lists are, including what their top ;;3"=" Sﬂﬂlal mEdla

ics of expertise are and how they are perceived by the pub- societ o0 inkers k u-"""-'--w"I e g SNaUMich
lic. Thus, we can infer a user’s expertise by analyzing the netw a ySIS

ignames reseachers

meta-data of crowdsourced Lists that contain the user. We umsi icwsm
show that our methodology can accurately and comprehen- h I'IBtWDI'k SGlBI’IBB
sively infe_r a.ttributes.of miI_Iions of.TWitter users, incling Figure 1: Attributes inferred for Lada Adamic, a noted
a vast majority of Twitter’s influential users (based on rank social network researcher, by our who-is-who system
ing metrics like number of followers). Our work provides
a foundation for building better search and recommendation EXisting approaches to infer topics related to a user rely
services on Twitter. either on the profile information provided by the user hédrsel
(e.g., name and bio) or on analyzing the tweeting activity
of the user [8, 13, 14]. The problem with relying on bios is
1. INTRODUCTION that many users do not provide sufficiently informative bios
Recently, the Twitter microblogging site has emerged as anand worse, the information provided by the users is mostly
important source of real-time information on the Web. Mil- unvetted. The problem with analyzing tweets to infer users’
lions of users with varying backgrounds and levels of ex- attributes is that tweets often contain conversation ortday
pertise post about topics that interest them. The demecrati day activities of users [6], which makes it difficult to exdta
zation of content authoring has contributed tremendowsly t accurate topical information about the users (as we show in
the success of Twitter, but it also poses a big challehge: Section 2).
can microbloggers tell who is who in Twitter? Knowing In this paper, we take a different approach to construct
the credentials of a Twitter user can crucially help others d  the who-is-who service for Twitter users. We exploit the
termine how much trust or importance they should place in Lists feature on Twitter, which allows users to group to-
the content posted by the user. gether Twitter accounts posting on a topic of interest tathe

In this paper, we present the design and evaluation of aand follow their collective tweets. We observe that many
novel who-is-who inference system for users on the popu- users carefully curate their Lists, generating meta-caieh
lar Twitter microblogging site. Figure 1 shows an illustra- as List names and descriptions, that provide valuable seman
tive tag cloud ofattributes inferred by our service for Lada  tic cues about who the users included in the Lists are. Our
Adamic, who is an active Twitter user and a well-known re- key idea is to analyze the meta-data of the Lists containing
searcher in the area of social networks [9]. Note that thesea user to infer the user’s attributes. By crowdsourcing our
attributes not only contain her biographical informatishe inference, we discover a more accurate and comprehensive
is a professor at umsi, umich — University of Michigan’s set of attributes related to a user, which is often richentha
School of Information), but also capture her expertise (she the bio or tweets posted by the user herself.
is an expert oocial media, network-analysis, social net- To evaluate our methodology, we gathered List data for
works, csresearch, hci, statphysics) as well as popular per-  all 54 million Twitter users who joined the network before



August 2009. We find that there is sufficient List meta-data users themselves, analogous to examining the contents of
to automatically infer attributes for over 1 million users i  webpages. In this work, we explore an alternative approach
the Twitter network. These users include nearly 80% of the which relies on leveraging crowdsourced social annotation
top 1 million most widely followed Twitter users. We used which are gathered from Twitter Lists feature. Though the
the List data to build ouwho-is-who system and we de- main purpose of Lists is to help users organize the tweets
ployed it for publictesting athittp: //twitter-app.mpi- they receive, we show that the feature can be effectively ex-
sws.org/who-is-who We encourage interested readers to ploited to derive social annotations, that is, how the Twitt
test the system for themselves. User feedback from our pub-crowd views and describes other users.

lic deploymentindicates that our attribute inference foitT Table 1 illustrates the advantages with our approach. It
ter users is both accurate and comprehensive. We argue thatompares the quality of information that can be extracted
our system provides a fundamental building block for future from users’ bio, tweets, and Lists for some well-known Twit-
designers of content or people search and recommendatiorier users. To infer a user’s attributes from her tweets aed th

services. Lists containing them, we extracted the most frequently re-
peated nouns and adjectives in the tweets and List meta-data
2 RELATED WORK AND MOTIVATION and removed common stopwords. Note that many popular

users either do not have bio, or have bio which do not pro-
vide any topical information. Sometimes the bios may be
misleading — for instance, the well-known comedian Jimmy

search in such platforms, itis useful and importantto aara - £410n has mockingly described himself as an astrophysicis
terize the sources of information, e.g., infer semantiec®p i, his pio. Further, for many users, tweets primarily con-

for_pages or sites _in the Web or infer attributes Qf users iN tain day-to-day conversation [6], making it difficult to fte
Twitter. A lot of prior research has focused on discovering tify meaningful topics. For example, for the popular actor,

semantic topics for webpages. Machine learning techniquesaghon Kutcher, none of the top words from tweets describe
have been applied over the contents of webpages to automaty 4 he is. However, in all cases, words extracted from

ically annotate the pages with their semantic topics [5]. It -rowdsourced Lists identify the user's attributes acalyat
has also been shown that topic discovery of webpages could, 4 comprehensively.

be improved by exploitingocial annotations, thatis, an-  1hyg social annotations provide a rich source of informa-
notations of webpages provided by human users in social(op, 1o characterize a user. Recently, their utility hasrbee
tagging sites such as Delicious [17]. explored by Bernsteirt al. [2] who proposed a game on

_ In microblogging sites like Twitter, inferring the creden-  £5cen00k that encouraged friends to annotate one another.
tials (attributes) of individual users is necessary tomBiBE  5ever, to the best of our knowledge, ours is the first large-

how much trust to place in the content generated by them. go416 attempt to discover attributes for users in a social ne

Most prior works attempted to discover Twitter users’ at- 4k ysing existing crowdsourced social annotations.
tributes from the contents of theveets posted by the users

themselves. For instance, Ramageal. [13] used Latent
Dirichlet Allocation to map the contents of a tweet stream 3. INFERRING WHO-1S-WHO FROM LISTS
into topical dimensions. Kinet al. [8] used chi-square dis-  In order to help users organize their followings and the in-
tribution measure on the tweets posted by users included information they post, Twitter introduced a new feature chlle
a common List to identify topics of interest to the users. Lists [7] at the end of 2009. By creating a List, a user can
However, prior research has shown that tweets often containgroup together some Twitter users, so that all tweets posted
conversation on day-to-day activities of users [6], making by the grouped users can be viewed in the List timeline. To
it difficult to identify meaningful topics from tweets alone ~ create a List, a user needs to provide the List name (freg text
Hence, several studies have attempted to enhance the topickmited to 25 characters) and optionally add a list descrip-
identified from tweet streams by querying Wikipedia [10,12] tion. For instance, a user can create a List called ‘celebri-
or search engines [3] using words identified from tweets.  ties’ and add celebrities to this List. Then, the user cawvie
Additionally, efforts to identify topical experts in Tt tweets posted by these celebrities in the List timelinehis t
also attempt to judge whether a user is related to a givensection, we first describe how we gathered List data and then
topic. Examples of such attempts include references [}1,16 discuss how we extract user attributes from the data.
which use features extracted from the Twitter graph and the .
tweets posted by users to identify whether a user is relc';\ted‘r-)":L Twitter dataset
to a given topic. Similarly it has been reported [15] that The dataset used in this work includes extensive data from
Twitter’'s own “Who To Follow” service [14] uses the profile  a previous measurement study [4] that included a complete
information (e.g., name and hio) provided by the users to snapshot of the Twitter social network and the complete his-
identify experts on a given topic. tory of tweets posted by all users as of August 2009. More
Thus, existing attempts to discover attributes for Twitter specifically, the dataset contains 54 million who had 1.9 bil
users [8, 10, 13] rely on analyzing tweets or bios posted by lion follow links among themselves and posted 1.7 billon

Like the Web, Twitter has become a popular platform for
finding news and information. To facilitate information



User

Extracts from Bio

Top words from tweets

Top words from Lists

and actions. Thats me.

Barack Account run by #Obama2012 | health, visit, american, vote, | politics, celebs, government, fa-

Obama campaign staff. Tweets from the | event, iowa, debate, reform, presi- | mous, president, media, news,
President are signed -bo dent barack obama, leaders

Ashton I make up stuff, stories mostly, col- | love, daily, people, time, great, | celebs, actors, famous, movies,

Kutcher laborations of thoughts, dreams, | gui, movie, video, happy, life stars, comedy, funny, music, hol-

lywood, pop culture

Jimmy Fallon

astrophysicist

#fallonmono, happy, love, fun,
#fjoln, roots, funny, video, song,
game, hope

celebs, funny, famous, humor, mu-
sic, movies, laugh, hollywood,
comics, television, entertainers

Table 1: Comparing three possible approaches for identifying atributes of a Twitter user — (i) from the account bio
(ii) from tweets posted by the user (iii) from Lists containing the user

List Name Description Members
News News media accounts nytimes, BBCNews, WSJ, cnnbrk, CBSNews
Music Musicians Eminem, britneyspears, ladygaga, rihanna, BonJovi
Tennis Tennis players and Tennis news andyroddick, usopen, Bryanbros, ATPWorldTour
Politics Politicians and people who talk about them BarackObama, nprpolitics, whitehouse, billmaher

Table 2: Examples of Lists, their description, and some members

tweets (as of August 2009). Out of all users, nearly 8% user. More specifically, we apply the following five process-
of the accounts were set as private, which implies that only ing steps. (1) We first apply common language processing
their friends could view their links and tweets. We ignore approaches like case-folding, stemming, and removing stop
these users in our analysis. For a detailed description®fth words. In addition to the common stop words, we also fil-
dataset we refer the reader to [4]. ter out a set of domain-specific words, such as Twitter, list,
. . and formulist—a tool frequently used to automatically cre-
3.2 Crawling Lists ate Lists. (2) Since List names cannot exceed 25 charac-
Lists were introduced in Twittet.fter our Twitter dataset  ters, multiple words are frequently combined usifignel-
was collected. Hence in November 2011, we re-crawled the Case, e.g. TennisPlayers. We separate them into individual
profiles of all 54 million users in our dataset, which con- words. (3) Prior research on social annotations showed that
tains information about the number of Lists each user ap- nouns and adjectives are especially useful for charaatgriz
pears in. We found thad,843,466 users have been listed users [12]. So we used a standard part-of-speech tagger to
at least once. In order to reliably infer topics of a user from identify nouns and adjectives. (4) A number of List names
Lists, it is important that a user has been listed at leasiva fe and descriptions are in languages other than English. We
times. We found that 20% of the listed usels333,126 observed several cases where the same topic is represented
users) were listed at least 10 times. We refer to this top-20% using different words in different languages, and theseig/or
most listed users as thep-listed set of users, and we fo-  arenot unified even by stemming, e.g., political apeliti-
cus our study on these users in the next sections. cos. Hence we group together words that are very similar
Using the Twitter API, we crawled the name and descrip- to each other based on edit-distance among words. (5) Fi-
tion of the Lists in which the top-listed users appear. Due nally, as List names and descriptions are typically shoet, w
to rate-limitations in accessing the Twitter API, we colkt only consider only unigrams and bigrams (2-word phrases)
the information of at most 2000 Lists for any given user. as candidates for attributes.
However, as only 0.08% of the listed users are included in  The above strategy produces a set of attributes for each
more than 2000 Lists, this has a negligible effect on the user as well as the relative importance of the attributeszda
study. on how frequently they appeared in different Lists contain-
Overall for the 1.3 million top-listed users, we gathered ing the user. In the next section, we evaluate how well the
a total of 88,471,234 Lists. Out of these, 30,660,140 (34.6 inferred attributes characterize individual Twitter wsser
%) Lists had a description, while the others had only the
List name. Table 2 presents illustrative examples of the use
of Lists, extracted from our dataset. We can immediately 4. INFERENCE QUALITY
note that the List names and descriptions provide valuable|n this section, we evaluate the quality of the attributes in
semantic cues about who the members of the Lists are. ferred by the List-based methodology, By quality, we seek
to evaluate the following two aspects — (i) whether the at-
tributes inferred araccurate, and (i) whether the attributes
Our strategy to discover attributes that characterize argiv  inferred areinformative. A set of attributes inferred for a
Twitter user consists of extracting frequently repeateddso  user may have high accuracy, but low information content
from the names and description of the Lists that include the and vice-versa. For example, if the set of attributes iefgrr

3.3 UsingListstoinfer user attributes



for Barack Obama contained the single attribute ‘politiGia  formation on the US senators is readily available, we chose
the inference would indeed be highly accurate, but it is not to demonstrate the quality of the inference over the Twitter
informative and is of limited practical usage. accounts of US senators. Out of the 100 US senators, 84
In order to evaluate whether the inferred attributes are ac- have Twitter accounts. We obtained the main attributes for
curate and informative, we need a ground truth to compareeach of these senators and analyzed their accuracy and in-
the results given by our method. Since such ground truth is formation content (some examples are shown in Table 3.)
difficult to obtain for a random set of Twitter users, we adopt (i) Biographical information: Apart from identifying that
two strategies for our evaluation. First, we evaluate the at they arepoliticians and senators, our who-is-who System
tributes inferred for a set gfopular Twitter accounts, for accurately identified theolitical party to which each of
whom the relevant attributes are easily verifiable. Second,the 84 senators belonged to. In total, 41 were inferred to
we collect feedback from human volunteers on the quality be democrats and 41 to be republicans, which is in agree-

of the inferred attributes for a number of different users. ment with their Wikipedia pages. The other two US sen-
) ators (Joe Lieberman and Bernie Sanders) had both the at-
4.1 Evaluation of popular accounts tributes ‘democratic’ and ‘independent’ very prominently

As popular accounts, we consider (i) a set of well-known Which is accurate as they are pro-democratic independents.
Twitter users / business accounts for whom relevant at- The attributes also correctly identified thiates represented
tributes are generally well-known, (i) news media sitesj a Py each of the 84 senators (see Table 3) as well as their
(i) US senators, for whom detailed and authentic infor- genders— the attribute ‘women’ or ‘female’ was found for
mation is available in the Web, e.g., in the corresponding €ach of these 15 female senators. {ipics of expertise:

Wikipedia pages. Table 3 shows the top attributes inferred Senators tend to be members of senate committees on the
by our methdology for some of these users. topics that they have expertise or interest in. The Lisedas

Well-known users: For the well-known accounts in  method correctly identified a number @fnate committees
Table 3, it is evident that the inferred attributes accuyate Of which each senator is a member, as shown in Table 4.
describe the users. Moreover, the set of inferred attribute \We verified the committee memberships from the Wikipedia
include not only biographical information of the users, but Pages on the respective committees. (#jpular percep-
also their topics of expertise, and even the popular percep-tion: Apart from accurately inferring several interesting fac-
tion of these users. For instance, the inferred attrioutes f tual information about the US senators, the set of inferted a
Lance Armstrong not only contain his biographical informa- tributes also reveal the public perception aboutjibitical
tion that he is asports person and ayclist, but they also ideologies of the senators. We were able to identify several
indicate more specific topics of expertise such as Tour de attributes that indicate a certain political ideology, Istas
France (df) andcancer. * Futher, the attributes also capture Progressive, liberal, libertarian, conservative, anddasy.
the popular perception that Lance Armstrong iga@ous For instance, most democrats were inferred to be progres-
celeb and inspirational. This illustrates both the accuracy Sive or liberal; the only democrat who was inferred to be
and the rich information content of the set of attributes in- conservative was Joe Lieberman, who is described as neo-
ferred using crowdsourced Lists. conservative in Wikipedia.

News media sources: For media accounts in Twitter, 4.2 Evaluation usi ng human feedback
the inferred attributes not only indicate that they are news
media (biographical information), but also indicate the-sp
cific topics the media focuses on, for examplelitics for
The Nation and townhall.conmgports for SportsBusiness-
Daily andmowies for Guardian Film. Furthermore, for polit-
ical news media sources, the attributes also indicate the pe
ceivedpolitical bias of the media sources (if any), e.gro-

Since the attributes associated with a person or a Twit&ar us
are inherently subjective by nature, one of the best ways of
evaluating the quality of inferred attributes is through hu
man feedback. In order to evaluate our approach, we de-
ployed ourwho-is-who service on the public Web attp:
//twitter-app.mpi-sws.org/who-is-who/. Anyone

) : . can access the service by entering the name of a Twitter user
gressive for The Nation andonservative for townhall.com. and see avord cloud of the top 30 attributes inferred for

In total, we obseryed the att_rlbutes for 36 political med|a the chosen user. We advertised the URL to other researchers
sources, out of which 6 were inferred to be conservative, 11 .

) Lo . in the home institutes of the authors, inviting them to eval-
were inferred to be progressive/liberal and the rest did not :
: . e uate the system. Evaluators of the service are shown the
have any observed bias. These inferences were verified us- . .
. L word cloud (of the top 30 attributes) for Twitter users and
ing ADA scores [1] and the Wikipedia pages for the corre- : . : )
: o : are asked to judge whether the inferred attributes are {i) ac
sponding media sites, and the inferences were found to be g . .
) . curate and (ii) informative. For both questions, the evalua
correct for all 6 conservative media sources and for 7 of the

) . X chooses from Yes / No / Can't Tell feedback options. An
11 progressive / liberal media sources. . .
X o evaluator is allowed to choose from the three sets of Twitter
US Senators: Since a large amount of authoritative in- . L
users described above (well-known users, news media sites,
Tt can be noted that the topics of expertise can be thought and US senators). Alternately, an evaluator can choose to
of as part of an extended biographic information as well. provide feedback for any user that she is interested in.




User Top attributes inferred from Lists
Biographical information | Topics of expertise | Popular perception
Well-known users
Barack Obama government, president, usa, democrat politics celebs, famous, leaders,
current events
Lance Armstrong sports, cyclist, athlete tdf, triathlon, cancer celebs, famous, influential,
inspiration
Linux Foundation computer, linux, tech, open source, soft- | libre, gnu, ubuntu, suse geek
ware
News media
The Nation media, journalists, magazines, blogs politics, government progressive, liberal
townhall.com media, bloggers, commentary, journalists | politics conservative, republican
SportsBusiness media, journalists, bloggers sports, football, athletes, nba, | experts, influencers
Daily baseball, hockey, nhl
Guardian Film guardian, media press, journalists, re- [ movies, cinema, theatre, actors, | film critics
views directors, hollywood
US Senators
Chuck Grassley politics, senator, congress, government, | health, food, agriculture conservative
republicans, iowa, gop
Claire McCaskill politics, senate, government, congress, | tech, cyber-crime, security, power, | progressive, liberal
democrats, missouri, women health, commerce, military policy
Jim Inhofe politics, senators, congress, republican, [ army, energy, climate, foreign conservative
government, gop, oklahoma

Table 3: Examples of top attributes (biographical information, topics of expertise and popular perception) for some
example popular users, as inferred by the List-based methodology

Senate committee # senators | # cor- more positive evaluations than negative ones. Thus, feed-

on Twitter | rectly L . .
identified back from human evaluators indicates that our inference is

Supercommittee 5 5 not only highly accurate but also quite informative for most

Appropriations 22 21 Twitter accounts.

Banking, Housing & Ur- | 17 12

ban Affairs

Budget 20 16 5. INFERENCE COVERAGE

%) mmerce, - Science & | 24 2 In this section, we focus on the coverage of the List-based

ansportation

approach for inferring attributes for Twitter users. Speci
Table 4: Senate committee memberships identified by ically, we investigate how our ability to infer a user’s at-
our who-is-who system. tributes varies with the user’s popularity in Twitter. Weane
sure a user’s popularity usirfgllower-rank, a simple metric
In total, we obtained 345 evaluations farcuracy of that ranks users based on their number of followers.
tag clouds, out of which 53 chose the ‘Can’t Tell’ option.

These are evaluations, where the evaluator does not know oé 1

the Twitter user sufficiently well to rate the accuracy of the %j 0.8

user’s inferred attributes. Ignoring these 53 evaluatidiid 2% .6

(94%) of the 292 remaining evaluations were rated as ac- g%

curate. Next, we investigated the small number of Twitter gg o4r tzé ........

users for whom our inference received one or more negative gg 0z p L=10 ——

evaluations. Interestingly, every single one of these téwit 8 0 ol a0 a0 10t 105 106 10 oP

users received more positive evaluations than negative eva

uations, highlighting the subjectiveness in accuracy @idg

ments. Thus, not only is our inference highly accurate for Figure 2: Fraction of users who are listed at least L times

most Twitter accounts, but also the occasional negativie eva Vs follower-rank

uations are subjective in nature and are always outvoted by

positive evaluations. We ranked the users in our dataset based on their number
The evaluations foinformativeness of inferred attributes ~ of followers (as of November 2011) and analyzed how many

are very similar. In total, we obtained 342 evaluationsieri  times users with different follower-ranks are listed. Fig@

formativeness of tag clouds, out of which 45 chose the ‘Can’t shows how the fraction of users who are listed at |dast

Tell’ option. Ignoring these 45 evaluations, 277 (93%) &th 1, 5, 10, 20 times varies with follower-rank. The follower-

297 remaining evaluations were rated as informative. Once ranks onz-axis are log-binned, and theaxis gives the frac-

again, analysis of the Twitter users with one or more nega- tion of users in each bin who are listed at leagimes.

tive evaluations shows that every single one of them redeive Users with large numbers of followers: As shown in

Follower-rank K (log-binned)



User & Extracts from Bio _Inferred attributes and showed that our service can automatically infer an ac-
spacespin: news on robotic | science, space exploration, curate and comprehensive set of attributes for over a millio
space exploration nasa, astronomy, planets . . .
laithm: Al-jazeera Network journalists, photographer, al Twitter usc_ars, |ncI_ud|r_19 most of the popular users.
Battle Camerama jazeera, media The main contributions of the present study — a methodol-
gumphretysLa'gf 1Stemf %ﬁl’ Pthysicialﬁsv Scientéev Harvard, ogy and a service to accurately infer topics related to Twit-
cgenerative TIology of Td- | sLern Ce¥, BenStles, cancer, ter users — have a number of potential applications in build-
ney biotech, nephrologist . . . . .
ing search and recommendation services on Twitter. For in-
Table 5: Examples of users who are related to niche top- stance, the inferred user attributes can be utilized tochear
ics, having intermediary follower-ranks (between 1 mil- for topical experts in Twitter, who can provide interesting
lion and 10 million) news on a given topic. We plan to explore these possibilities

in future.
Figure 2, almost all the top follower-ranked users have been AlS0, & crucial future challenge lies in making our infer-
listed several times. 98,130 (98%) of the top 100,000 most €nce methodology robust against attackers, who create fake
followed users and 792,229 (79%) of the top 1,000,000 most LSt including a target user to manipulate the inferred at-
followed users have been listed 10 or more times. Thus, thetributes for the user. While we did not find much evidence
List-based methodology can be applied to discover topics of such attacks to date, such attacks could be launched in

related to a large fraction of the popular Twitter users. a straightforward manner. Defending against such attacks
Users with moderate numbers of followers: The would require the List-based methodology to consider the
fraction of listed users falls off dramatically with folles-  Féputation of the users who create the Lists, another subjec

rank. In fact, only 6% of users with moderate numbers of for future research.
followers (i.e., users with follower-ranks between 1 and 10 7 REFERENCES
million) are listed 10 or more tlmes. To better understand 1] Americans for Democratic Action. waw.adaction. org.
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