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Abstract

In this work, we study the use of Twitter by HouSenate
and gubernatorial candidates during the midterm1@20
elections in the U.S. Our data includes almost 700
candidates and over 690k documents that they peadacd
cited in the 3.5 years leading to the elections. Wikze
graph and text mining techniques to analyze diffees
between Democrats, Republicans and Tea Party catedid
and suggest a novel use of language modeling fonating
content cohesiveness. Our findings show significant
differences in the usage patterns of social media]
suggest conservative candidates used this mediume mo
effectively, conveying a coherent message and miaing

a dense graph of connections. Despite the lackaofyp
leadership, we find Tea Party members display both
structural and language-based cohesiveness. Finaflty
investigate the relation between network structeomtent
and election results by creating a proof-of-conasyidel
that predicts candidate victory with an accuracg&%.

1.

Much has been made of the importance of social aniedi
modern politics. Political parties and individualndidates
have come to regard their online presence as so
fundamentally important that they have hired staff
members to act as social media coordinators. Thedspy

Introduction

which a candidate can now access voters has led to

extreme sophistication in the use of these systémiiter,
with its 190 million registered users, is a paittcly
popular tool, allowing for rapid micro-bloggetiveets
(status updates) to be fired off to dnilower.

Recent successful use of social media as panldfcal
campaigns, particularly in the 2008 U.S. Presi@dénti
campaign of Barack Obama, had drawn both populdr an
academic attention. Obama’s renowned tweet “We just
made history...” which was published shortly aftes hi
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victory, reflected the popularity of Twitter in piidal
messaging. Today it seems as if every self-regmpcti
campaign must have an online presence and the farmu
for a successful online campaign is highly souditéra
Campaigners look for viral channels to garner sujgps.
Notably, understanding how political social netwsofarm
and communicate has broad implications not onlyhiwit
the political sphere but in the study of any netwof
competing agents in which information is transfeérrin
2010, 22% of online adults used social network$witter

to engage with the election (Smith 2011).

In this work we investigate how the U.S. 2010 #dec
campaigns were expressed on Twitter. We specijicall
analyze over three years’ worth of tweets (overdétm
687 candidates running for national House, Sematstate
governor seats. As tweets are limited in size (140
characters) we augment our data by crawling nez8Bk
outgoing links referred to by candidate tweets.

In addition to observing the behavior of Repubigand
Democrats, the two major political parties, we afsy
particular attention to Tea Party members. Althonghan
official party, self-identified members of the cengtive
Tea Party have been the subject of significantysablnd
discussion. By separating Tea Party candidatesatysis
from their official party position we are able toadyze the
behaviors of this “virtual” party.

Our methods of analysis include both text and lgrap
mining techniques. We suggest a novel use of laggua
modeling for estimating the coherency of each grang
the extremism of single candidates. We use graplysis
to compare the density of each group as well asmnapute
various graph properties of individual candidatéisally,
we combine the results in order to build a modelt th
predicts whether a candidate is likely to be ekkcte

Our contributions include a detailed analysis bé t
social media behaviors of candidates in the 201dtemin
elections. We demonstrate a method for contentehase



structural, and combined analysis of these caneldat
relative to each other and their parties as a whadng
these techniques we characterize the attributeghef
different parties, demonstrating high levels ofustural
and content coherence for conservative (Republarach
Tea Party) members. We further analyze how cetytradi
structure and content correlate with election ounles
(positively) by employing a prediction model.

2. Related Work

Twitter Networks

The growing number of Twitter users, and the eafe o
access to their tweets, makes Twitter a populajestifor
research in various research communities (Javal.et a
2007). Though most are about the general populaifon
users, a number are relevant to political strustue=g.,
influence, viral marketing, computer-mediated
communication, etc.). For example, Romero et &@1(@
portrayed influential users, refuting the hypotkethat
users with many followers necessarily have bigggpact

on the community. Honeycutt and Herring (2009) sbdw
that Twitter often serves as a framework for distuss
rather than for one-way communication. Another ciomn

of study focused on commercial usage of Twitteg.(e.
viral marketing). Jansen et al. (2009) performeutisgent
analysis of tweets in that context (specificallygkting
products and brands). Our work here is informed by
previous work on Twitter content and structure.

Social Media and Politics

While initially focused on blogs (Adamic and Glance
2005) and Facebook (Williams and Gulati, 2008), the
analysis of social media in political contexts tsiBce
transitioned to include Twitter. Broadly, work ihet area
has focused on the analysis of the content andtateu of
elected political figures (e.g., members of Congyes the
use of Twitter as a social sensor to predict edesti

A number of studies (Golbeck et al. 2010; Glasseian
al. 2010; Senak 2010), identified specific pattemfs
tweeted communication between members of Congrebs a
their constituents in terms of quantity and contgmte
(e.g., informational, fundraising, etc.). Sparks01Q)
further analyzed partisan structure to identifyugp® with
ideological leanings. Though we note similar stuuak
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features in our findings (e.g., increased messaging
density among conservatives), we concentrate ¢entidn

on candidates. By manually classifying tweets of
candidates one week before the 2010 election, Amman
(2010) found that most messaging by Senate camdidat
was informational and does appear to have a rektiip to
voter turnout.

The use of Twitter as a “social sensor” for eleati
prediction has been applied in a number of rectries.
Tumasjan et al. (2010) used chatter on Twitter reedjct
the German federal election, finding the numbetwsets
mentioning a political party to be almost as acturas
traditional polls in predicting election outcomes.
Diakopoulos and Shamma (2010) showed that tweets ca
be used to track real-time sentiment about a catefil
performance during a televised debate. Howeversethe
previous analyses of political activity on Twittdid not
specifically examine the candidates themselves,ther
structure of their networks.

Language Models and Graphs

To model content we employ statistical Language &ed
(LM). Language models are statistical models iniciwh
probability is assigned to a sequence of wordss thu
representing a language as a probability distrilbutiver
terms. It was first used in speech recognition irfé&l
1997) and machine translation (Brown et al. 19%@nte
and Croft (1998) were the first to apply LM to ttask of
document ranking. Metzler et al. (2004) improved LM
accuracy and (Song and Croft 1999) used smoothing t
tackle text sparseness.

The construction of user profiles can lead to drett
results in information retrieval tasks such as weh¥rch
(Sugiyama et al. 2004) and recommendation systems
(zhang & Koren 2007). Xue et al. 2009 used LM for
constructing user profiles to enhance search esult
Similarly, Shmueli-Scheuer et al. (2010) describad
distributed framework using Hadoop to construct LM-
based user profiles (a technique we employ below).

3. Data

The system described in this paper makes use @& dat
crawled from Twitter. In order to build a fairly cplete

list of candidate Twitter accounts we semi-autoozdlty
generated this collection. For each candidate, xeewed

a query on Google using their name and the keyword
“twitter” and retrieved the top 3 results from the
twitter.com domain. Each result was manually inspec
and filtered (e.g., fake accounts mocking the cdeigis
were removed), leaving only accounts that were atpédr

by the candidates or their staff. Our data sparsus@rs—
339 Democrats and 348 Republicans. Of the 348
Republican candidates, 95 were further identifisdTaa



which eventually contributed 96% of the contentthe
dataset (182,523,302 terms out of 190,290,041). We
filtered out stop words and extracted both unigeard bi-
gram terms. We found no significant difference when
grams of higher order were considered.

4. Methodology

In this work, we analyze two aspects of the datthe-

A B ' content produced by the users and the structuréhef
Figure 2. Plot of the candidate network (force-direted network formed by the follow-up edges. We start by
graph embedding layout modified to emphasize providing some theoretical background to our canten

separation, nodes size proportional to indegree) analysis methods

(‘\ 2194/922 User Profile Model

37> Our system consists of a set of candidatewhere each
7 /9 candidate has a set of documentsassociated with her.
‘6> The entire corpus is denoted by Documents
ﬂb are represented using tBags of Wordsnodel where each
_W Ifet FE1 7y (5] term is associated with its number of occurrences in
A/ 843369 17181 A the document The vocabulary of the corpus is
Figure 3. Number of explicit follower edges and umjue denoted by Our model is based on the model,
@mention edges (follower / mention) therefore we make use of the document frequency of

term and the inverse document frequency

. We denote the document frequency
of a term in the set of usets documents by .
We also make use of , the

Party candidatés Note that notationally we exclude Tea
Party candidates from the Republican set. Whensit i

interesting to analyze the inclusion or exclusidnTea . Lo L o
Party candidates we employ the notation Rep+TPRey maximum likelihood estimation of the probability fimd
term in

TP respectively.

Using Twitter's API, we downloaded 460,038 twelets Term Weighting
candidate accounts dating back to March 25, 20@juré We set the initial weight of a term in a user LVb®
1 shows the number of tweets in the days (a) andshid)
surrounding the Election Day. We see temporal pateas
less activity is observed during weekends and sighAt
expected, the volume of tweets increases towards
November the ¥, abruptly decreasing afterward.

The data include 84, 81 and 522 candidates froen th
Senate elections, the gubernatorial elections dmel t
Congressional elections respectively, covering ab®% These values are then normalized in order to obtain
of the number of candidates in each of the races. W probability distribution over the terms.
crawled all the edges connecting users in our datd®
identify social structures we consider d#oltbwer
followed' relation as a dire(;ted _nge going from the \ye then smooth the weights using the LM of the asrp
follower to the followed user (identifying 4,429cuedges
between candidates in our pool).

To enrich the dataset we crawled the homepage of Using a normalization factor of . Finally, we
Candidates Who maintained one and each of the mkjs d|V|de these Values by theil‘ sum to normalize them
that appeared in the tweets and considered them as
additional documents. Out of 351,926 URLs (186,000
distinct) 233,296 were valid pages (132,376 disfinc In a similar manner we constructed a LM-basedilerof

for the Democrat and Republican parties, as wetbate
! The Tea Party classification was obtained from Nesv York Times group of Tea Party members. In order to compute Me

feature “Where Tea Party Candidates are Runningfol@r 14, 2010 based profile of a group we applied the same process
(nytimes.com/interactive/2010/10/15/us/politics/teaty-graphic.html).

where stands for the
average frequency of term in the collection In
addition, we calculate the marginal probability of in
the language model of the entire corpus as




described above with the exception that the safsefs’
documents s replaced with , the union of
the documents of the users in the group.

Content Analysis

We consider the content produced by a user to be th
tweets that were produced by the user as well as th
content of the URLSs that appear in his tweets. \8&ime
that in the majority of the cases these cited pagpesent
a candidate’s opinion. In the discussion sectiorprepose
a more delicate interpretation using sentimentyesigl

In order to perform large scale analysis of theteot we
constructed a LM-based profile for each user, asritged
in the previous subsection. We apply the symmetric
version of the Kullback-Leibler (KL) divergence awo
LM profiles to estimate the difference between ¢batent
of the two corresponding users. For two distribngio
and over the terms in the vocabulary , the
symmetric KL divergence is defined as:

We also used the (non-symmetric) KL divergence in
order to measure the contribution of single termghe
difference of one profile from another.

5. Results

Basic Structure Analysis

The network structure of the candidate graph isaliged
in Figure 2. Unsurprisingly, the Tea Party membars
fairly intertwined within the Republican subgrapkie also
note the relative densities (higher for Republidanfsthe
party substructures.

This is further confirmed through an analysis of
subgraph density of edges within the same group.aFo
subgraph wittN nodes andE edges, we utilize the density
definition of E/(N>-N), or the ratio between the number of
actual edges and the number of possible edgese Sinc
density is sensitive to the size of the graph wesiered
in-degree as well.

Table 1. Subgraph Density by Group

Table 1 shows the calculated subgraph densitiesraah
in-degree. We note that the Democratic networkparser
than the networks of Republicans and Tea Party reesnb
consistent with prior studies (Adamic & Glance 205
This difference in density holds even when we abaisthe
group of Republicans and Tea Party members (Rep+TP
which has more candidates than the group of Denm®cra

and so has more possible edges. Figure 3 repredents
number of cross-party edges, for example we see 512
instances of a Republican being followed by a TedyP
member. Consistent with Figure 2, the Republicand a
Tea Party members interact with one another more
frequently than either do with Democrats.

Basic Content Analysis

Table 2 shows some statistics of the content preduxy
candidates in each party. Each value is the mean the
users in that group.

Table 2. Mean Usage Patterns by Group

Of note are the high levels dfieetsandtweets per dajor
Tea Party candidates and relatively higher levels o
Republicans over Democrats. We find the same
relationship (Tea Party > Rep-TP > Democrat)rédweets
(the rebroadcast of someone else’s messagejeptids (a
response to someone’s tweet). These results ieditat
not only are conservative candidates more likely to
“broadcast”, they are more likely to communicatethwi
each other. Finally, we note conservative candgatse
more hashtags, potentially to provide additionaltyun
Hashtags—keywords/topics indicated with a “#"—are
frequently used by communities for grouping twetts
create a'rending Topido be highlighted by Twitter.

Hashtag Use
We took a closer look at the usage of hashtagsabii ef
the groups. Table 3 presents the top 5 hashtagh luse
each group along with their number of occurrencestae
number of unique users in the group that usedhifshitag.
The first part of the table shows the hashtags Were
used by the greatest number of unique users, wthéde
second part shows the hashtags with most occusence

It is somewhat surprising to find a conservatigkted
hashtag t€of) as one of the top Democratic topics.
However, a closer inspection of these tweets rsveal
negative information intentionally attached to thigic.
Such behavior is consistent with previous obseonation
the number of mentions of opposing entities in tjall
networks (Adamic and Glance 2005). Interestinglye w
find the health care reformhgr), a topic under much

)debate, to be almost equally brought up by both

Republicans and Democrats. A number of hashtags2-



andalaska—were utilized by a small number of extremely Democratic political figures such as Nancy PelBsirney

active candidates to refer to specific electiordh@r than Frank, and Ellen Tauscher (generally in a negative

specific topics). Finally, we note the high levelsuse of context). The Republican profile consists mostlyterims

the Facebookflp) tag produced automatically by programs relating to the economy, such sgending, bills, budget,

cross-posting to the candidates’ Facebook pages. tax cuts and thedeficit, as well as various references to the
Wall Street Journal From a qualitative observation of

Table 3. Top Hashtags (# times used, unique usersp2 keywords, the Democratic profile seems to cover the

(Progressives 2.0); tcot (Top Conservatives on Tvélr); nvsen widest range of topics such as energgdn energy, solar,

(Nevada Senator); fb (Facebook); hcr (Health Care Bform); : :
gop (Grand Old Party) nrcc (National Republican renewable energy education dducation, school,

Congressional Committee); ar02 (Arkansas District #); ff teachers; the oil spill 8P, oil spill; military (Afghanistan,

(FollowFriday); sgp (Smart Girls Politics). Iraq, military) and economics (e.gjobs, health care
reform, recovery actandsocial security.

T Table 4. Top Terms
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" #" moo To understand the cohesiveness of content amohgst t
different parties we apply we calculated the KLedgence
Profiles Review between every pair of candidates from the samey [fieet,

Extending beyond simple content features, we empiiey ~ determining how similar party members were to each
language model (LM) based profiles described above. Other). Figure 4 demonstrates the cumulative distion
Table 4 provides a glimpse of some of the top terms  ©Of the pairwise distances. Intuitively, the morecily the
each party’s profile (calculated as the marginal KL Cumulative distribution reaches 1, the more simiae

divergence of the term compared to the LM of thepus). profiles of users from this group are.

Note that the higher the marginal KL divergencedérm It can be seen that the content of the Tea Paetylvers
compared to the LM of the corpus, the more it dbotes is more homogenous compared to the rest of the
to differentiating a profile from the rest of therpus. In Republicans while the Democrats lag behind, indigat
other words, these terms serve best as features forthey produce heterogeneous content. This finding
identifying content produced by each party. correlates with a qualitative inspection of topgenerated

We found Tea Party members frequently mentioning through topic modeling (Blei et al. 2003) where fwend
the profile of the Democratic Party covers a widarge of

topics than the conservative groups. In additios, see
Tea Party members having a negligible effect or_tfleof

the Republican group as a whole. This can be exgiaby
the relatively small number of Tea Party members e
similarity in the content attributed to these twoups.

Content Distance versus Structural Distance

We hypothesize that the closer two users are iphgra
distance, the more similar their content wouldTas can,
in part, be explained through models of homophihd a
social influence.
To test this idea, we looked at every pair of ddaieks,
calculating the shortest path in the network ad aglthe
Figure 4. Pairwise KL divergence KL divergence in their language models. The resatts



Figure 5. Mean pairwise KL divergence vs. pairwis
distance considering retweets (solid line) and igmmg
retweets (dashed line). The left (green) error maigs
describe the 10% and 90% percentiles of the data i
retweets, while the right (black) error margins stands for
the data without retweets.

depicted by the solid line in Figure 5, along wétior bars

at the 10% and 90% percentiles. Note the significan
increase in the KL divergence as the distance asge
from one to three hops. The effect diminishes fstahces
greater than 3 steps. We found this phenomenoneto b
consistent for each of the political groups as vesllfor
pairs of candidates from different parties. As wscdss
with further detail in Section 6, this could indieathe
boundaries of micro-communities surrounding a minor
issue or reflect a “radius of influence”-the distanto
which the content of a user is still influential.

Arguably, connected individuals are more likely to
retweet each other, increasing the similarity byyiog
content. To ensure that this was not a primaryedriof
measured similarity, we repeated the analysis while
removing retweets and the corresponding webpades. T
results, represented by dashed line in Figure B®wsh
slightly higher KL divergence, consistent with reets
contributing to a small portion of the observedretation
between network and content proximity.

Predicting Elections Results

In order to test the importance of content andcstre to
election outcome we devised a “win” model for all
candidates in our dataset. However, we note thathis
experiment we filtered out tweets that were crealedng
and after Election Day and that the network wasvigd
during the hours prior to the beginning of the ttets.

We built different logistic regression models winéhe
dependent variable is the binary result of a rawicating
whether a candidate won or not. The independent
variabled we used are described below:

- Closeness-{in,out,allfFreeman 1979) — measuring the

centrality of a candidate in the graph. Calculatsd

2 There are, of course, more sophisticated modelgléxtion prediction
(e.g., Kastellec et al. 2008). However, our intenss specifically in
understanding the importance of structural andergritentrality.”

where is the set of all nodes
reachable from and denotes the
distance between and . In/out/all stands for

incoming, outgoing or all paths.

- HITS’ Authority score(Kleinberg et al. 1999) and
PageRank(Page et al. 1998) — measuring the relative
importance of a node in the graph.

- In/Out-degree- number of edges to/from the node.

- Incumbency- Boolean variable indicating whether the
candidate was incumbent or a challenger.

- KL-party/corpus— the KL-divergence between the LM
of a user and the LM of his party/the entire corpus

- Party — indicating the political group a user belongs to
(Democrat, Tea-Party or Republican).

- Same-party— indicating whether the party of the
candidate is the same as the party that last helddat.

- Tweets, hashtags, replies and retweetsasic statistics
of a candidate’s Twitter activity, as described\aho

For all the graph properties we considered the a/goaph
consisting of all the candidates (experiments usinty
edges from the candidates own party yielded dirhads
accuracy). We start by examining each variable
independently. Table 5 summarizes this set of énxjmants,
showing each variable along with its coefficiengtistical
significance and the accuracy of the model. We oreaks
accuracy using a 10-fold cross-validation evaluatio

Table 5. Logistic Regression Model with Single Vaables
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The first variable, “same-party”, indicates thategsing
that a party will retain a seat correctly predic&9% of
the races. Incumbency is known to be a major fairtor



winning elections, as is well reflected in the fesu
Closeness-all and in-degree are also predictiveppssed
to closeness-out and out-degree, confirming thainiga
followers is more important than following others.

An interesting finding is that KL-corpus is sigoéntly
more predictive than KL-party. The negative coédfit of
these variables suggests that the nsimdlar the LM of a
user to the LM of the party/corpus, the more likelhe is to
be elected. We interpret this as meaning that fogusn
centrist issues correlates more highly with winnthgn
merely conforming to the agenda of one’'s own party
(though both matter). Unsurprisingly, given Repcdhis’
success in gaining seats in 2010, the Republiceabila is
predictive of winning. Finally, we see that simpleage
statistics such as the number of tweets are umidtve.
This result suggests that merely spamming Twittardat a
useful strategy.

In the last experiment we constructed a set ofstig
regression models combining subsets of the vasable
described above. Table 6 presents the accuradgvach
by each model in 10-fold CV evaluation (with autdeth
model selection applied). The results show thairinktion
hidden in graph structure and content can sigmifiga
improve the accuracy of election prediction (88%usacy
over 81% accuracy omitting Twitter-derived variale
Finally, we verified that the model performed semiy on
Republicans as well as on Democrats.

Table 6. Logistic Regression Models

4" . )- k"oko
o +m 6
! +*" +
4" &* A A
)' & + " + " 6
' +*
7 *& """ o+ "
! + " +* 16
7 # D
W 6
7 # kg " v 4 6

6. Discussion and Future Work

The model described above determines if any given
candidate would win. Thus, in any giveace the model
might find that neither or both candidates won.t&st for

the ability to predict race outcome we apply a sanp
scheme in which the most probable candidate iseshas
victor. As we do not have information for every datate,
only 63 races were used in this analysis. Applyihis
technique, we correctly predict 49 out of 63 (77) ®¥the

races. Note that this is precisely .88 x .88, oe th
probability of picking one winner and one loserreatly.
This result could likely be improved using bettesdals or
machine learning schemes such as joint inference.

Our findings suggest that the Republican Partyiciwh
made gains in the 2010 midterm election, succeedded
running a strong social media campaign on Twitt€his
is consistent with the observations of Chittal (@0&nd
Stewart (2010). This is indicated by several mstrkirst,
the Republicans formed a denser graph of followans]
mentioned one another more often. Their tweets \wt=e
more topically similar, judging by the similarityf ¢heir
language models. The top terms in the language Imode
related to economic issues. In contrast, the ndtvadr
Democratic candidate Twitter accounts was spaised,
their tweets were scattered over many topics, nigilio
convey a single coherent message.

Within the Republican Twitter network, the presernd
the Tea Party members was boisterous. From thesjuént
use of hashtags and coherent language model, Tija Pa
members appeared to be running an organized Twitter
campaign. This is somewhat surprising given the
grassroots nature of this movement. However, aitqtiae
inspection of Tea Party messages and LM profilécatds
a possible reason: members had joined forces otteéfvim
attacking key Democrats.

Beyond allowing us to quantify political activitgn
Twitter, network and content variables are alsaljuteve
of election outcome<Landidates whose tweets resembled
that of many others in the corpus, that is, theyeveentrist
in their topic selection rather than extremist, evenore
correlated with victory. Interestingly, based ome thigher
predictiveness oKL-corpusover KL-party, candidates are
judged based on their position on the broad palitic
spectrum rather than on intra-party positioning.

We also mention here one metric that was not ptiedi
of election outcomes: the relation between the KL
divergence of two opponents’ LMs and the percentafge
votes each candidate garnered. This suggests ¢nlaaps
it is more important how a candidate addresses more
broadly discussed issues, than how much they nomicy
to differentiate themselves from their opponent.idt
important to keep in mind that the KL divergencggests
an estimation of directionless distance. It woulé b
interesting to repeat these experiments with aad¢st
measure that also contains a notion of directiompasition
candidates on the political spectrum.

Our content analysis is further limited in the seithat
we relied on the Bag-of-Words model, ignoring therdav
meaning and the expressed sentiment. It is postilaie
sometimes users quote other users in order to k.

In future work we plan to assign positive and nizgat
weights to edges using sentiment analysis in otder
improve the accuracy of our model. Additionally, feend



that (in part) due to tweet length, an initial aifg to apply
Latent Dirichlet Analysis (LDA) to the corpus faieto
produce topics of high enough quality. We are puagu
other mechanisms for generating high quality tapics
Finally,

influence shape political candidates’ activity owifter.
By tracing the time-evolution of mentions and comteve
might be able to approximate the range of indivisiua
influence within the network.

7. Conclusions

In this paper we studied the usage patterns oft@&miy
candidates in the 2010 U.S. midterm elections. Sudy
addresses House, Senate and gubernatorial raees|as
the virtual Tea Party. We incorporated structurald a
content analysis, and demonstrated the utility singl
language modeling to estimate group cohesivenesghs
as divergence of individuals. Our results indicateng
cohesiveness among conservatives, even for thelarg
unstructured Tea Party. We also
relationships between content, graph structureedection

results by building a model that predicts whether a

candidate will win or lose with accuracy of 88.0¥hile
we do not claim the use of Twitter determined thsuits,
we do think a broader analysis over several camgaig
could provide insight into what kinds of Twitterdwsal
campaign activities are more effective.
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