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Abstract—In political contexts, it is known that people act  diffuse through a social-media platform.

as “motivated reasoners”, i.e., information is evaluated fist for In this paper, we study the potentially complex interaction
emotional affect, and this emotional reaction influences ker between sharing, community membership, and emotion on
deliberative reasoning steps. As social media becomes areand  the microblogging platform Twitter. We crawl an appropri-
more prevalent way of receiving political information, it becomes  ate subset of Twitter, and develop a high-precision classifi
important to understand more completely the interaction be  for politically-oriented tweets. We also develop an acteira
tween information, emotion, social community, and informaion-  c|assifier for the political alignment (liberal or consetive)
sharing behavior. In this paper, we describe a high-precisin  of Tyjitter users. Combining these resources with an externa
classifier for politically-oriented tweets, and an accurae classifier  gantiment classifier for tweets. we are able to test certain
of a Twitter use.r’s political qﬁlllatlon. Coupled with existing specific hypotheses about sharing and emotion in politics.
sentiment-analysis tools for microblogs, these methods ahle us Additionally, we build a topic model for our corpus, and
to systematically study the interaction of emotion and shang in a . ' . : . '

y . . use this to more precisely characterize sharing behavior fo
large corpus of politically-oriented microblog messages;ollected poIiticaIIy-orientedF:nicrobl)cl)g entries—by Subjecgt] rattthan
from just before the 2012 US presidential election. In partéular, in the aggregate ’

we seek to understand how information sharing is influenced ¥ . L .
the political affiliation of the sender and receiver of a mesage, Other than technical contributions on development of high-

and the sentiment associated with the message. precision classifiers for politic tweets, we also analyze th
Keywords. Emotional affect, Sentiment analysis, Information ffequency of various types of retweet behavior: specificale
sharing, Microblogs consider the probability of retweets of tyfieover all users in
' | INTRODUCTION our sample, for several typ@sdefined based on sentiment and
It is well-understood that political decision-making is political affiliation of the author of the tweets. (For inste, T’

. = b ; might be “positive tweets from a left-leaning user”). Foclka
strongly influenced by affective (i.e., emotional) fact§t3], o :
[18], [22], [23]; in particular, poiitical psychologistsften specific typeTl’, since many users who have few retweets are

model people asnotivated reasonerswhere information is unlikely to have any retweets of tyflé the average probability

evaluated immediately for affect, and affectively inc t thefore is very close to zero. Hence, we also compute the

(. cogniely cissonan) formaton's processently  fver a5 1% AUSET W o 610 probabily e sbis
from affectively congruent information. One striking iaste : !

of apparently non-rational decision making in politics s i ?erreersno Tn?g;Trfastigﬁ?slﬁgtrli\:\eg:ys?rlz?ergigté paechoaspsS gil;fge?gg;'&
lustrated by the “affective tipping point” phenomenon [24] n considering tweets from a particular community, we also
in which moderate amounts of negative information about & ‘0”200 oo Vet “halanced users” - users who follow
candidate who is initially liked by a voter increases, rathan Some Sources gutside their own communit

decreases, the voter’s positive stance toward the cardidat .

Due to the rise of sites like Facebook, Twitter, and Weibo,S orr?eu:elt(v% eftlg(fjlp'?hse?:rc?rrzz fc()):]lg\i/;/]s.t(l)e Fg&gﬁgasaltm;qu\/:
political information is more and more frequently encoueate P 9 ype,

in a social context: even stories published by mainstrea ore likely toI_Eel retwieted than ndeu:]ral ones, and negative
media sites are often encountered by users after having be eregZI emgreed LIJSeel)’/S t?etv?e (ra?;m]i?c?rtr? Wiihﬁ‘]ntl’?(;) Sdg\é?,sonae;' gzr)
shared by others. Clearly, this social context can influenc ore likelv to be retweeted: however. for balanced qu)ersytha
how information is interpreted and re-shared. As an exampl ave everyretweeted an opposite-party tweet retweets thiem
we note that there are rational-actor models which predic osite party are more ”'?(%l (S)pNu)r/nericaI'I most redige
the counter-intuitive “affective tipping point” behaviaoted afep of intr%- Zrt rather thanyi.nter- art Thusy ' both iseait
above,in certain social contextsfor instance, it is rational d politi P ﬁ3.1- ion h ff party.. f o :

to behave this way if information comes not from a neutralahn pr? |tr|]cq aﬁ' lation %\{g € ec}s O(;'-ﬁm ormation thmm
source, but from a biased source with different prefererares {Nmicg tht elrhe ectts _ar% ! t(tarent ?E lterent n{?%ﬁml?e
the information is provided with the intent of manipulatiting '?h ur erdct arac ﬁrlze " padern?t(_) IOp#:-ﬁ ',? politic S
receiver [21]. Thus, to understand political decision-mgk with regard to sentiment and political affiiiation.

in the context of news disseminated by social media, it is 1. RELATED WORK

necessary to understand the interplay between emotion and Recently, in political science, Piereg. al.reported human-
the social context of information. It is equally necessarysubject experiments on how people handle political inferma
to understand this interplay to predict how informationlwil tion from different sources [21]. The experiment tested two



hypotheses related to sharing: (1) thffective transmission : N : : : :
hypothesisthat people are more likely to share information b A vl P
that engenders an emotional reaction; and (2) soeial #A\f‘ﬁ ‘\‘”W\fz \\[ st AT \
transmission hypothesishat people are more likely to share 1
information that comes from inside their social group. &hes |,
experiments were based on small groups of subjects in a moc*’;
election setting, and one goal of this paper is to test thes®’

—o—Selecting fraction Frac
v|- = -Sample fraction Fracj
|| ——Sample precision Pre,
/|- < -Sample recall Rec)

Y

hypotheses in a more realistic setting. o4r o R ! ]

Because Twitter has been heavily used for informatior os- Ny o AN ; ISR AR
sharing, product broadcasting, and political campaig &g, OZW:\J sk poiny gt | 0| Vo B0l S oo\ = Aoesieoosa, 3
[12], [9], [15], studying the flow of messages in Twitter has o, o | ¢ ) i

been interesting to researchers from a variety of fields. Ir ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
non-political contexts, for instance, Wet. al. conducted a O T D (ay 1 ="Aug 15t Dy 92 — O 3180
large scale analysis and found that Twitter users adopt morgig. 1: Performance of proposed political tweet selection
information from elite users (i.e., celebrities, famousggers, method

etc), than from other users within the same community [27]
Zhiming et. al. showed that source features like trustworthi-
ness, source expertise, and source attractiveness haatseff
on retweeting [29]. Sulet. al. reported that the presence of
URLs and hashtags in a tweet are useful indicators of wheth
a tweet will be retweeted [26]. There is also prior work on the
correlation between retweetability and network charasties
in general, non-political settings; e.g., Hansn al. showed

Newt Gingrich; well known political bloggers, e.g., Amaaic
Blog, Red State, and Daily Kos; and political sections of snas
media sites, e.g., CNN Politics, and Huffington Post Pdlitic
f the 56 seeds, 20 and 23 seed users are left- and rightigani
respectively, and the remaining 13 seed users are neutral.
We then expanded the set of users by identifying all users
following at least three seed users, leading to a set of nhaire t
that negative news and positive non-news tweets are resdeet 408K users. A large part of the following network among those
more often [14]. users, and tweets from all users were then crawled, with the
In the domain of politics, Bergeet. at. investigated a 90@l of collecting all tweets between August and Octobe2201

large number of articles from New York Times and found that] is data thus contains both network and activity inforirai
positive and negative content is more likely to be emailed by©r Twitter users actively following American politics.

readers to their friends [4]. Similarly, Stiegli&t. al. examined The period from August to October 2012 was chosen for
a set of political tweets and found that there is a positiveWO reasons. First, since for each user we can only crawl
relationship between the quantity of words indicating sent UP t0 her latest 3200 tweets, it was necessary to restrict
ment in a tweet and the tweet's retweetability [25]. Anotherth® time range to obtain a relatively-complete sample (the
popular topic of investigation is the effect of social-medi crawling was done in fall 2012). Secondly, this period isyver
news transmission on information diversity. Conowsr al  Politically active, including many events related to the ém
examined networks among Twitter users that are formed bg;an 2012 presidential election: e.g., the national cotwen
retweeting relationships (i.e., edges are drawn from a teser Of both democratic and republican parties, and the debates
other users she retweets) [8]. They found that the network i§&tween presidential candidates. In total, this subsetaoes
highly polarized—i.e., users tend to retweet more from pthe 127,812,186 tweets published by 349,976 users.

users sharing the same political affiliation. Jisemn al. also We found that both the numbers of tweets and retweets per
investigated how the diversity of information from mass imed USer follow power-law distribution, with many users having
is affected by retweets and sharing behavior [16]. In social€'y few tweets or retweets. In order to ensure that we have
science, Bristor showed that people are more likely to dcceg? 'easonable amount of activity for each user, we further
information from highly trustworthy sources [7], and Doelel restricted the dataset tactive users, who generated at least

et. al showed that information items that engender emotionaft® tWeets and/or retweets, and are active (i.e., post a wreet
reaction are more likely to be shared [10]. retweet) for at least 15 days. This yields a smaller dataket o

All of these prior results in the political domain can be 104,119 users, and 105,167,766 tweets, which will be used in

viewed as relating to either the social transmission hyggith the subsequent analysis.

or the affective sharing hypothesis. However, because éh ea - IV. "METHODOLOGY

case the effects of sentiment and community membership af® Political Tweet Selection o
considered separately, it is not clear how these two factors Many of the tweets in our dataset are not political in nature,
interact. In short, while it seems clear that messages are moSO the first task was to build a classifier that detects palitic
likely to be shared if they are either within-community or tweets._AIthough _Iearmng a classifier is a natural apprqach
sentiment-bearing, we do not know to what extent these influth® rapidly-changing nature of the dataset makes it difficul
ences can be separated: e.g., it might be that polar messad@sensure that a learned classifier will properly track fmait
are shared more readily, on average, simply because more 9¥course over time; thus, we manually constructed a high-
them come from in-group than average. In contrast, our worlerecision classifier. _ _

considers the effects of sentiment and community membershi  Hashtag selectionA hashtag is a word prefixed by a

both independenthand together We also make use of topic # Symbol added to a tweet to indicate topic. A tweet can
modeling to obtain more fine-grained descriptions of emtio Nave zero or more hashtags. We manually selected a set of
and sharing. political hashtags recommended by mass media streams, e.g.

. DATA COLLECTION the hashtag guide from Washington Postnd hashtags used

_We first selected a set of 56 Wldely-fpllowed TW_ltter USEIS 1t the time of this writing, we have completely crawled thdldaing
which we call theseed usersThese users include major Amer- network for only some of the users.

i?an po”FiCia_nSy especially candidates for Am_erican jles- 2http://Aww.washingtonpost.com/blogs/post-politiesphashtag-guide-
tial election in 2012, e.g., Barack Obama, Mitt Romney, andor-the-2012-election-atmentionmachine/2011/12/@ADczocQ blog.html




by seed users (e.g, Obama first usadbntdoublemyratéo  and sample recall of all 92 days in the dataset (August 1st
post tweets about his proposal not to double rates on studetd October 31st, 2012). The figure clearly shows that the
loans). We manually examined all hashtags of the lattertype fraction of political tweets selected by our method is samil
filter out those that are not political and those used by feweto the sample fraction of true political tweets. The figurgoal
than three seed users. In the end, we obtained a list of 60shows that our method achieves high precision (about 90%)
hashtags. and a usefully-high recall (roughly 60%). Looking deepéoin
Keyphrases selectioince not all tweets contain hashtags, political tweets in daily sampleS;s that are not selected by
we also developed a set of political keyphrases. We took a setur method, we found that most of these tweets do not have
of users that could be manually labeled with respect toipalit hashtags, or talk about politics using non-political terms
affiliation of users (as presented below, in Section IV-D)d a . ) )
aggregated all the tweets of each user that contain one & Tweet Sentiment Polarity Detection _
more of the political hashtags to form a user-document. We To automatically analyze the sentiment expressed in every
then ran an LDA model [5] with 50 topics, and for each tweet, we employ the widely used Stanford's sentiment agori
topic, we manually examined the topic’s top 20 most frequenfAP1°. This API implements a machine learning method to
words, and filtered out non-political ones. We combinedlsing detect sentiment polarity specifically in tweets [1]. Foclea
words into phrases when appropriate, e.g., “white” and $adu  tweet, the API turns_ the tvyget Content into a score that atdic
are combined into “white house”. From this, we obtained arwhether the tweet is positive, negative, or neutral. We bse t
additional 224 political keyphrases. API to score all extracted political tweets. To evaluate the
Performance of the tweet selection methiodthe end, we ~ performance of the API, we manually labeled a set of 1000
obtained a set of 25,738,776 tweets containing one or moreédndomly selected tweets for sentiment. The overall acyura
political keyphrase or hashtag. For each daye denote by Of detected sentiment for this set is 77.9%, which is redsigna
T, the set of all tweets posted on the day, and denotElbghe  good considering the small size of the tweets.
set of all tweets posted on the day and selected by our metho
Then, the amount of tweets posted in daynd selected as
political can be measured tsglected fractionF'ract, which is
defined as follows

8’. Tweet Topic Modeling

Since we also want to understand sharing behavior at a
more fine-grained level, we built a topic model for our corpus
Direct application of the LDA model [5] to a collection of

|77 tweets is not appropriate: as tweets are very short, there
= T4l is little information in such a corpus on term co-location,

which is what drives LDAs grouping of terms into topics.

The selected fraction of each day over the three months i8ggregating tweets from each user to form user-documests (a
shown in Figure 1. On most days, about 20% of tweets areve previously did in keyphrase extraction) is also not ideal
considered political. This fraction peaks on days assediat this approach may assign multiple topics to each tweet, and f
with certain political events, as indicated by the vertioads:  analysis, it is preferable to have a single topic per tweet. O
e.g., Romney named Paul Ryan as his teammate on Augusblution is to employ the TwitterLDA model [28], a variation
11th (day 11); Romney and Obama were nominated by theiof LDA that constrains each tweet to have only one topic. The
parties as candidate for the 2012 presidential election ogenerative process TwitterLDA model is as follows.

August 30th (day 30) and September 5th (day 36) respectively,  For each topid:, sample a topic-pecific word distribution
and there are also peaks on the days after the debates on 4 . pjr(g)

October 3rd (day 65), October 11th (day 73), October 16th,  For each usen, sample a user-specific topic distribution
(day 78), and October 22nd (day 84). 0., ~ Dir(c)

As the groundtruth is not available, we evaluate the pers,  For each tweet by useru:
formance of our political tweet selection method presented
above using daily random samples of tweets that are manually
labeled. To do this, for each dak we randomly select a set
S of 100 tweets fron¥;, and randomly select a sﬁg of 100
tweets fromZ’}. We then manually labeled these 200 tweets as
political or non-political. The fraction of (true) politid tweets
in dayd is now can be approximated lsgmple fractionF'rac;

Frach

Sample a single topic for the tweet; ~
Multinomial(6,,)
o  For each word position in tweett, sample the word
Wi ~ Multinomial (¢.,)
To perform inference for the model, we make use of
Gibbs sampling. Here, we leave out the derivation of sargplin

which is define as follows equations due to the limitation on space. We first remove all
stop words from tweets. We also remove all infrequent words,
s |true_S4 i.e., words that appear in fewer than 5 tweets. Then, we filter

Fracy = W out all users having less than 10 tweets that are not empy aft

removing stop words and infrequent words. Next, we divide
wheretrue_Sy is the set of tweets i5; that are hand-labeled the set of tweets contributed by each user into two subsets, o
as political tweets. Similarly, the precision and recalloafr  with 90% of the tweets from that user, and one with 10%. By
methods with respect to day can be respectively estimated combining the larger subsets of all users together, we btai
by sample precisionPre; andsample recallRec; which are  the training set. The test set is constructed in a similar way
defined as follows using the smaller subsets. Finally, to identify an appedpri
number of topics, we run collapsed Gibbs sampling on the

P P
Pre5 = [true_Sq| Rect, = ltrue_Sa N 14| training set, varying the number of topics, and evaluate the
1S5 |true_Sal perplexity on the test set. _ _
wheretrue_S" is the set of tweets i’} that are labeled as _Figure 2 shows the perplexity of the TwitterLDA model
political tweets with respect to the number of topids. As expected, larger

Figure 1 also shows the sample fraction, sample precision,
Shttp:/help.sentiment140.com/api



TABLE I: Performance of different user classifiers: premisi
and recall in identifying left-leaning users, and overalta:
racy. Please refer to text for meaning of different trairiest
E T sets.
8 K . Precision | Recall | Accuracy
52 . Training set Test set %) %) %)
% “ H—M M 73.4 71.0 94.4
S .. M H—M 92.2 47.9 87.2
AN 90%(H U M) 10%(H U M) 87.7 77.1 92.8
‘w\w 90%(H U M) | 10%(H U M) — M 773 73.4 93.8
el T0%(H U M)
2 HUM 91.0 80.7 94.6
R e 90%(H U M) (crop 5%)
Fig. 2: Perplexity of TwitterLDA model 90% (H U M) 10((1‘;(();1%%) 932 | 849 96.2

K gives smaller perplexity, and the amount of improvement, — Active users who follow Mitt Romney but do not follow
decreases as K increases. In consideration of time and space any left-wing seed users are considered right-leaning

complexity, we set the number of topics to be 80 in the Users

experiments below. In this set, called theeuristically labeled setH ) below, there
are 15,998 left-leaning users, and 30,900 right-leaniregaus
The approximately 2:1 ratio of right- to left-leaning users
H is much more plausible than the ratioi. The labels in
also coincide quite well with the manual labels: we found

D. User Classification
Perhaps the most challenging problem we encountered was
to classify users by their political communities. A naturaléji

approach is to use a machine-learned classifier plus a Sgloi ihere are 2,204 users in both and H, and among those
of gold-standard labels like previous works on the problemso s “there are only 35 (about 1.6%) users which are labeled
e.g, [20] and [6]. However, there are challenges in applym%iﬁerently by the two methods

g :

Tn%ré%qgtgroggs.%d ;r;]ct)hefcsovgg};s Icr:I dci:{a%?jsaerd 'Ize'lrbsé’l Slri(la? MO Although the sets\/ and H mostly agree in their labeling,
. lately obviou W ng the distribution of users in these two sets is quite differsa

political affiliation of Twitter users; and second, sometigas it is not obvious which is the best set for training a classifie

;\S/gitljalirI]etgiseet(\;vct)rr\kes ?ﬁia(lzr)mceg\tlaté%n?(I)II)IIO\?v)i(rE)ennsé\tlv?/,o rcl)<r iﬂ o understand this, we performed some experiments using
P y 9 a SVM* trained on different training sets and evaluated on

our dataset. X . ;
: ' . _corresponding test sets as shown in Table |. Each user is
To deal with the above challenges, we first used a combin epresented as a document, consisting of all of her pdlitica

ey s fors aind e, an he features o each userdocuments are TF-IDF
' ores [19] of the terms contained in the user-document. The

on tweet-based features, plus a post processing step sager U L
confidence. These classifiers are chosen since (1) they W?%sults are shown in first rows of Table I. (The precision and

: : call measure the ability of the classifiers to identifyt-lef
shown to have a comparative performance with the best on aning users, the minority class. against right-leanisers.)

[20], and (2) our main objective is not in classifying useus b » ;
Co A " - |n addition to M, the manual labels, we considéf, the
to obtain a *big enough” set of users whose labels are aﬁgm%\vsuristic labels, and/ U H, which denotes the union of these

with some level of confidence. We present our method in deta 0 sets. I\ U H, for the 35 users wherg/ and H disagree

below.
' s on the labels, we take the label froli. We also use\l — H
Our first approach was to make use of Twittéosto clas- and H — M to denote the appropriate set differences.

sify users. These bios are user contributed public statesien " >
: - : The first four rows of Table | show that training on
self-introduction. Other than background and hobbles,esomH_M and testing o/ produces fairly good results (94.4%

users indicate political affiliations in their bios. We szl o .

bioe containingpsome term (e.g., “Democrat’, “Conseneitiv accuracy), but training OIM0 and testing ot/ — M performs
etc) as_sociated with political affiliation. Unfo_rtunat;ell;his P;l;c%gersesrév;r"es(gmgtﬁz%rgoina;ggusrgfxt/r)fylusr;ﬁggﬁqsgoa?t
population of users turned out to be both relatively smalt] a 10% training-test split of /UM gives good accuracy (92.8%),

quite unrepresentative: manually classifying all bioshia set and this result imoroves sliahtly (to 93.8%) when the :
prcadzggd 1’1t16| Ieft-lea_rr_wg usle2r5é7110,775 nght-leamfggl, té@n—representativrze) test efam)élges framn aor)e removed(mlyS
an neutral Users. 1nese 22, USErS represent about S¥\ye "concluded from these experiments that trair{ing on a

of total number of users in our Twitter dataset; and only @,65

of them are active. One worrisome issue is that in this set o

users, right-leaning users outnumber the left-leanings dne

nearly ten to one, an unlikely proportion even in a social imed

that is believed to be more heavily used by conservatives. | s : . : . .

the following, set of all users manyually Iabzzled by theirsio Elassme_s users into left-leaning and right-leaning. Sime
are not interested in analysis of neutral users, and sinct mo

is denoted byl and called thenanually labeled seA7). g;fnually labeled neutral users are generally classifiel hav

ataset that at least includgkis highly desirable, and adopted
he classifier from the fourth line of the table (trained orD&®
sample ofH U M).

The classifier we learned is a two-class classifier, which

Our second attempt to obtain gold-standard labels wa nfidence, we also evaluated discarding the users asstciat

based on the 56 seed users. The well-documented partis . P
e : : o ith the lowest-confidence 5% and 10% of the predictions. B
division of social media [11] makes it likely that users who doing this, the accuracy, precoision ando recall opf the di@ssi y

follow primarily right-leaning seeds are themselves right for left-leanin - .
, ; : : - g users increases slightly on the test set, a
lﬁ:&}'g%’ié ?&g\gzce versa We thus considered the following shown in the last two rows of Table I. We finally elected to
; discard the lowest-confidence 10% of the predictions, obtai
e Active users who follow Barack Obama but do not follow jhg 21,948 left-leaning users; 66,118 right-leaning usarsl
any right-wing seed users are considered left-leaning
users. 4http://svmlight.joachims.org/




16,053 neutral users. Among those users, there are 9,023 lehbout tweets they received, while by usitigs/Uys, we were
leaning users, denoted [&Y;,, and 25,398 right-leaning users, able to measure the effects under randomization. Expetanen
denoted byUr, who we have full information abouth their on bothU! andU}, and on alllU/} s use the qualitatively same
follow relationship, i.e., all of their followers and foliees, results as in Figures 3(a) and (b); and, similarly, expenitme
both included in our dataset or not. Next, our analysis work$n both Ug and U}l%, and on aIIU}és give the qualitatively
were performed on thesé; andUg. same results as in Figures 3(c) and (d). These further canfirm
the robustness of the obtained results.
V. RESULTS AND DISCUSSION

A. Sentiment and Retweetability _ _ B. Political affiliation and Retweetability
We first examine the effect of sentiment independent of We now evaluate the effect of political affiliation on
the political affiliation of the sender. Specifically, we loat  retweetability, independently from the effect of sentitefo
tweets sent from and received by members of the same pbliticgo this, we consider the set bilanced usersdefined to be
affiliation, and consider how the sentiment of tweets affect ysers who follow some left-leaning and some right-leaning
the probability of a retweet. More precisely, for each usém  ysers. WithinU/z,, we have 8,696 balanced left-leaning users,
UL UUR, and each type of tweef we estimate the probability and within Uz, we have 8,962 balanced right-leaning users.
that u retweets a tweet of type as the number of tweets of For these balanced users, we compare the retweetability of
type ¢ that u retweets divided by the number of tweets of two tweet types corresponding to whether the tweet's sender
typet thatu receives from her followees. These numbers aresharing the same or having different political affiliation.
then aggregated over all active users: since our pool obuser Figure 4(a)(i) shows box-plots of retweet probability over
large, even smalll differences in average probability ofieetts  all balanced left-leaning users itiz, while Figure 4(b)(i)
can often be statistically significant. . shows box-plots of retweet probability over all balanceit- le
Figures 3(a) and (b) show box-plots of retweet probabilityleaning users inU/;, who ever retweeted tweet(s) of the
of tweets among left-leaning users, with respect to foledif  corresponding type. In these figures, agaih,andR* denote
ent types of tweets. Figure 3 (a) shows the overall prolgbili gl tweets received from left-leaning and right-leaningnssre-
over users inUy, while Figure 3 (b) shows the probability spectively. Similarly, Figure 4(c)(i) shows box-plots etweet
over users inJ;, who ever retweeted the corresponding typeprobability over all balanced right-leaning usersli, while
of tweet_s. In the flgureL* denotes all tweets I'ECEIVed_ _from Figure 4(d)(|) shows box_p|ots of retweet probabi”ty oadir
left-leaning users; andl+, LN, and L- denote all positive, palanced right-leaning usersiif; who ever retweeted tweet(s)
neutral, and negative tweets received from left-leaningrsis  of the corresponding type (computed similarly to Section V.
respectively. Similarly, Figures 3 (c) and (d) respecihv@tiow  A) for the two types of tweets.
box-plots of retweet probability for tweets posted by right * The box-plots in Figures 4(a)(i) and (c)(i) show that, in
leaning users and received by userd/ip and by users it/r ~ general, balanced users are more likely to retweet tweets
who ever retweeted the corresponding type of tweets, for thgom other users sharing the same political affiliation. sThi
analogous four types of tweets. . agrees with the social transmission hypothesis of Pietce
From Figures 3(a) and (c), we can see that, in generahj. [21]. However, this is not fully true if, for each type
neutral tweets are more ||ke|y be retweeted. This may be the af tweets, we consider balanced users who ever retweeted
result of the fact that non-neutral tweets are rare (lesa thagweet(s) of the type. The box-plots in Figure 4(b)(i) show
10%), so most of the retweeting rates of these tweets fofhat balanced left-leaning users who ever retweeted tweets
individual users are zero. However, the opposite pattetdsho from right-leaning users are still more likely to retweetests
if for each type of tweet, we only consider users who eveffrom other users sharing the same political affiliation; lehi
retweeted tweet(s) of the type (i.e., in plottihg, we take pox-plots in Figure 4(d)(i) show that balanced right-leani
all users that ever retweeted any tweet from other left&an ysers who ever retweeted tweets from left-leaning users are
users; in plottingL+, we only take users that ever retweetedmore likely to retweet tweets from other users having déffer
any positive tweet from other left-leaning users; and snyil  political affiliation. Though this surprisingly contradicthe
with the other types of tweets). As shown in Figures 3(b)social transmission hypothesis for the community of right-
and (d), for users who ever retweeted negative or positiv@aning users, our result agrees with previous works stpwin
tweets, those emotional tweets are more likely be retweeteghat weak ties are more helpful in dissemination of inforioat
for both political affiliations. We conducted two-tailedsts  [13], [2].
showing that, for those users, negative and positive twezets Similarly to the previous analysis, we performed the same
statistically significantly more likely be retweeted thagutral ~ gnalysis on subsets of balance users URIUMUE s and
tweets; and negative tweets are also statistically sigmfly 74171175 and obtained results qualitatively the same to the

more likely be retweeted than positive tweets. above ones, confirming the robustness of the laters.
Other than using the whol&; and Ugr, we performed

the same analysis on different subsets of users derived frol gentiment & Political affiliation and Retweetability
these two sets to make sure that we have confidence on results Next we examine the effects of political affiliation togeth

obtained above. These subsets of users areUfa) set of with sentiment. Figures 4(a)(ii), (iii), and (iv) show baiets
all usersu € Uy who has a least 50% of her followees in of retweet probability of different type of tweets over all
our set of active users, and; - set of all usersu € U pajanced left-leaning users i, while Figures 4(b)(ii), (ii),
who has less than 50% of her followees in our set of activeyng (i) show box-plots of the probabilities over all baladc
users, and similarly we derivetlp and Up from Ug; and left-leaning users in/;, who ever retweeted tweet(s) of the

(b) Ups ( = 1,---,5) - five disjoint random subsets @z corresponding type. In these figures, agaim, LN, and L-
(users inU, are evenly- and randomly-distributed intds),  denote all positive, neutral, and negative tweets recefred
and similarly, we derived/is (@ = 1,--- ,5) from Ug. by left-leaning users respectively; aRd, RN, andR- denote

By using Uf/Uﬁ or Ui/Ull%, we were able to measure the all positive, neutral, and negative tweets posted by right-
effects in the set of users where we are more or less confidetganing users respectively. Similarly, Figures 4(c)(iij), and
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(iv) show box-plots of retweet probability over all baladce TABLE II: l\_ll_meer_(_)f retweets by different topics and by
right-leaning users i/, while Figures 4(d)(ii), (iii), and different political affiliations of the sender and the reter
(iv) show box-plots of the probabilities over all balanced Sender

right-leaning users i/ who ever retweeted tweet(s) of the Left-leaning users Right-leaning users|
corresponding type (computed similarly to Section V. A), fo

the six types of tweets.

Figures 4 (a) (i), (iii), and (iv), and Figures 4 (c) (ii),
(iii), and (iv) show that, in general, the social transnossi
hypothesis holds regardless of sentiment type of the tweet
both balanced left- and balanced right-leaning users ame mo
likely to retweet tweets from other sharing the same palitic
affiliation. However, the opposite pattern holds if, for le&gpe
of tweet, we consider users ever retweeted tweet(s) of fhe ty
Figures 4 (b) (ii), (i), and (iv), and Figures 4 (d) (ii),iifi
and (iv) show that, for both balanced left- and balancedtfigh
leaning users who ever retweeted emotional tweet(s) fram th
other political affiliation are more likely to retweet tweebf
the sentiment type from other users of the opposite affiliati | ”

It is interesting that sentiment seems to have a strongecteff RV —— | '"m]"zl'l o TG L)
than affiliation: in particular, users are more likely toweet Topic Topic

an emotional tweet posted by a user from a different polmcasent by left-leaning users. Note that all the figures aregrat

affiliation than they are to retweet a neutral tweet from the . ,
same affiliation. the same scale, hence bar-plots in these figures therefone sh

: - o th actual number and topic distribution of retweets. €hes
Again, we obtained results qualitatively same to the abow?0 . . . L
onesgwhen performed the samg analysis%n subsets of balant$" €S clearly show that despite the relatively higbbability

e i b - ) retweeting an inter-affiliations tweet (at least on thetpa
users inUL/ULIUs andUg/Ug/Ugs. This further confirms of “balanced” users), numerically, most retweets are afint
the robustness of the obtained results.

affiliation tweets. This observation holds across topicy] a

) agrees with previous findings by Conowr al. [8].

D. Topic of Retweets Table Il shows some representative topics, each together
Next, we investigate the patterns of retweets with regardsith representative words. Note that we have manually as-

to political affiliation and topic. Table Il shows theumber  signed labels for those topics. The topics in the table d¢onta

of retweets of users across all 80 topics—here each subfigutee most popular topics in the intra-affiliation retweetsisl

shows a particular community relationship, e.g., the &fp-l interesting thaPaul Ryan’s Medica plaftopic 52),Economic

figure shows the topic distribution for tweets both receigad
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conservatism(topic 47 - where tweets are about statements
on the opposite affiliation), anBersonal opinions about the
candidategtopic 78 - where tweets are personal statements on
Obama and Romney). On the other hand, for retweets within
right-leaning users, positive tweets have largest frastin The

use of technology in campaigtopic 9), Politics as a football
game (topic 17 - where tweets are about talking politics
using football terms)Special dayqtopic 25) andCampaign
slogans and report(topic 59); while negative tweets have
largest fractions immax related issue@opic 65 - where tweets
are most about tax policies and job creatioRpmney’s tax
cut plan (topic 72),Campaign slogans and repoftopic 59).
This emphasizes that users having different politicaliaffdns

are not only interested in different political topics, busa
demonstrate different emotions toward these topics.

In Figure 6, we spot out, in within-parties retweets, topics
that have fraction of one type of sentiment tweets more than
fraction of the other type of sentiment tweets. In the figure,
each point is plotted so theposition is the difference between
the fractions of positivite and negative retweets for leéining
users, and thg position is the similar difference for the right-
leaning users. From the figure and with respect to Table I,
we can see that most of topics having much more positive
tweets than negative tweets in within-affiliation retweefs
both the parties (e.gT,he use of technology in campaifiapic
9), Republican National Conventioftopic 13), Special days
(topic 25), News in big cities & Personal "checkin’{topic

Fig. 6: Difference between fraction of positive tweets and3s), patriotism and national issue@opic 38), Campaigning
fraction of negative tweets in intra-political affiliatiortweets

by topics

foreign policies(topic 66), andRomney’s taxe¢topic 7) are
most popular for in retweets within left-leaning users; ihi
Facts and news about Republicéopic 42), U.S. consulate
attacked in Benghadiopic 1) andJokes about politidsopic
39) are the most popular ones among right-leaning users. ) | ( ! IC.
We now look into topic distribution of retweets within the 44),Congress meeting on bil(fopic 58), or disaster and crisis,
two political parties. From upper-left and lower-right figs
in Table Il, we can easily see that intra-political affilcati
retweets in the two affiliations are distributed quite diffietly.
The Pearson rank correlation coefficient of topic “popties’ emc > S !
in the two sets of retweets is only 0.37. (Here, popularitpof affiliations demostrate different emotions on differenpexts
topic in a set of retweets is measured by the fraction of retsve Of the topics.
about the topic.) The low coefficient implies that left-laan

and right-leaning users have different interests and fegus

among Republicangtopic 45), Olympic and historic events
(topic 61)) are also directly about the campaign between the
two candidates. On the other hand, most of topics having much
more negative tweets than positive tweets in within-affiia
retweets of both the parties are related to the campaining
arguments, e.glJnemployment ratétopic 33),Previous U.S.
presidents(topic 40), Religion and political ideologiestopic

e.g,U.S. consulate attacked in Bengh#zipic 1), andissues
on Syria(topic 71). Deeper insights from content of tweets
about these topics shows that, though sharing the samersatte
of emotions toward these topics, users having differentipal

VI. CONCLUSION
In this paper, we examined the effects of sentiment and po-

This can be seen quite clearly in Figures 5 where each point igical affiliation on retweetability of political tweetsiTwitter.
plotted so ther-position is the fraction of negative retweets for Our analysis is performed on a large dataset of tweets tetlec
a political affiliation, they position is the fraction of positive from politics oriented users in U.S. during a long politigal
retweets, and the color indicates the affiliation in questiche
figures clearly show that, regardless of the affiliation, tredu
retweets are dominant in within-affiliation retweets, wehd
number of topics are strongly positive or negative for onevery different in different type of users: who ever retwekete
affiliation or the other, but never for both. (In the figures wetweet(s) of certain sentiment type or not. We also obtained
exclude topics having fewer than 30 retweets.) This suggesthe previous work’s results about the polarization of padit
that, within a political affiliation, there are few contraogel

topics.

With respect to Table Ill, for retweets within left-leaning

users, positive tweets have largest fractionOilympic and
historic eventgtopic 61 - where most tweets are bout victoriesspecific models of sentiment [3]. Also, while in this paper
of U.S teams in Olympic 2012 or about memorial events)we analyze user behavior in the aggregate, it would also be of
Patriotism and national issue@opic 38),Jokes about politics
(topic 39), andSpecial daystopic 25 - where tweets are about users, and also that jointly predict sharing behavior, netw
reminding events going to happen); while negative tweetstructure, and tweet and retweet polarity.

have largest fractions iRPrevious U.S. presidenigopic 40 -
where tweets are about works by previous U.S. presidents), This research is supported by the Singapore National
Religion and political ideologiegtopic 44), Liberalism vs

active period. Our key findings in this papers confirm thahbot
sentiment and political affiliation have effects on retveddity
of political tweets. Moreover, we found that these effeats a

retweets, and further characterized patterns of topicshén t
retweets with regard to sentiment and political affiliation

A possible opportunity for future work would be to cou-
ple our analyses with more domain-specific and community-

interest to construct models that predict behavior foniiutlial
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TABLE ll1: Topic top words

1 | U.S. consulate attacked in Benghazi| obama,libya,benghazi#tcot,americans,presidenti4alzmerican,ambassador,security
9 | The use of technology in campaign | million,price,jobs,apple,facebook,campaign,billvst@eople,iphone
13 | Republican National Convention #gop2012,#dnc2012,#rnc2012 #rnc,convention,spegeb, f#tcot,romney,#romneyryan2012
17 | Politics as a football game game,job,ryan,#mlb,patriots,football #sec,billspe@rolltide
25 | Special days day,election,job,labor,politics,days,love, night,pleocountry
33 | Unemployment rate jobs,unemployment,obama,rate,job,million,econonmers,labor,#tcot
35 News in big cities #nyc,#usa,#chicago,#news,#sandy

& Personal “Check in” #us,#dc,#politics,#business,#tcot
38 | Patriotism and national issues #tcot,american,flag,god,#neverforget,country,patii@ma,#obama,patriots
39 | Jokes about politics #tcot,obama,#p2,#romneyryan2012 #teaparty,#gopp#alslot,#Inyhbt,romney
40 | Previous U.S. presidents bush,obama,reagan,president,bin,laden,ronald,gétcgeromney
44 | Religion and political ideologies obama,muslim,barack,communist,president,ameridajsi@merican,country,hussein
45 | Campaigning among Republicans senate,candidate,election,republican,#tcot,gomagg,senator,#politics

. . . liberal,party,liberals,republican,conservative, t@mans, people

47 | Liberalism vs conservatism democrats,women,conservatives
52 | Paul Ryan’'s Medica plan ryan,paul,medicare,romney,obama,budget,cuts, méialcare, tax
54 | “American dream” american,paul,country,ryan,rick,bill,video,musib,jove
58 | Congress meeting on bills congress,obama,house,senate,bill,gop,jobs,budydblreans,president
59 | Campaign slogans and report obama,romney,campaign,#romneyryan2012 president#tgat, paul,mitt,ohio
61 | Olympic and historic events #usa,american,gold,olympic,usa,medal,#olympics,plgmchina,country
65 | Tax related issues jobs,people,government,money,obama,pay,tax,takegqgat
71 | Issues on Syria #syria,syria,syrian,#iran,#israel,rebels,turkeyypegvar,iran
72 | Romney’s tax cut plan tax,taxes,class,romney,middle,cuts,pay,obama,ingahe
78 | Personal opinions about the candidatesbama,romney,media,liberal,lies,msnbc,dems,job,caampaign
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