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Abstract

A Microblogsposea greatchallengeo aspectbasedpinonsummarizationincluding sentimentlassificationandaspecextraction

A Political campaignsanleveragefrom opinionsin onlineinformal political discourseespeciallyin aggregatedorm

A We proposea newmethodfor aspecextractionbasedn PointwiseMutual Information(PMI) andadjustedermfrequency

A Evaluationshowsthatthe meronymyrelationshipbetweemoliticiansandtheir topicsholdsandimprovesaccuracyof aspecextraction

1.Introduction 3.1 Constraint on Aspect Extraction o. Opinion Summaries | S
ASearching for peopleds opinions A PMI sparesenegsroblem bigramscomposeaf low-frequency A Aggregated aspedtvel sentiment for each candidate is visualized in forr
and timeconsumingask wordsscorehigherthanhigh-frequencybigrams of a bar chart |
A Dueto thevastamountof usergeneratectontent thereis a growingneed AAspectteapaty ka&nd fimi tt 20120 Hashiagsh
for computationaprocessingf sentimentanalysis A Canbecompensateih conjunctionwith nounphraseéfrequency exhibit uniform class distribution of all polarityasses
A Systemglealing withMicrobloggingservices like Twitter and other social
communication platforms are still in the early stage of development, A Retweetsareof lessvalueandassumedo spreadexponentially
although many applications, including politics and marketing campaign: (Equation3)
can leverage from the use of social media and especiailier
A Detailedopinionsummariesirenecessarysuchasdistributionsof opinions 0 (0 o) 1 1o
by topic or entity (Eq. 3)
A Top resulting aspects of each candidatenaassuretdy the product
A We propoosetheapplicationof thethe Pointwise Mutual Information (PM') of the average PMI measuré U 'O and the adjusted count of
measurdor aspect extraction in the domain of online informal political tweetsth
discourse

A We generatespectasedpinionsummariesor eachpolitician Table 2: Mitt Romney: Aspect extraction resuits

A We show that the meronymy relationship between politicians and their T | be = Vet mmeo kY Fop Wm0y d v B ul| T owo
campaign topics holds and adds valuable information to aspect extraci 36 |19 |plannedparenthood 19.94 |4.69029 000 1139410
218 | 96 | teaparty 126.56 | 4.00904 48.76 |47.14 | 36.40
36 20 | boston globe 19.00 | 3.76347 15.71 (461 (O _ . _
16 |3 |the character of his| 14.10 | 3.19344 0 14.10 | 0 PGS 15 OFSnen SUmmET o7 bl ROmuy
: ! opponents
2' Data CO”etCIOn and Pr_eproceS_SIng_ _ _ _ 77 7 campaign ad 71.95 | 3.16766 1.00 69.95 | 1.00 6 E I - d R I
A Candidates of the Republican presidential primaries in the USA 1[4 [anequalty 839 1286077 0 539 1o . Evaluation and Results | |
A Twitter was queried several times in November and December of 2011 for advocate out A Performanceof the adjusted PMineasures constraint on aspect extraction
tweets mentioning the names of the candidates 153 |80 | mitt2012 77.38 | 2.40483 29.40 |27.50 | 25.83 A A noun phrase is labeled as asptttera generic political topic, e.g.
67 |6 Defends 62.79 | 2.14401 2.00 [60.79 |0 Anforeign policyo, or aforc bnesr el e ¢t
9 2 job prospects 7.69 2.04178 7.69 0 0 context, e. g. (‘)ﬁoccupy movement
Table 1. Republican presidential candidates and the number of corresponding tweets 55 5 obamaquote 51.61 |2.00457 0 51.61 |0 A Classificationof noun phrases is based on thwinstraint score
: 9 8 arepeat 3.08 1.97861 0 3.08 (0 - . .
candidate Number of tweets o TR a0 Ticealo A Hllgherscore means that the noun phrase IS more likely to bepmatt
Herman Cain 2904 P P D c7c [1oooet A . A Figure3 compareshe performance of the adjusted PMI measure to pure
= o | Reuters 25'00 1'81862 100 14'00 . frequency score as constraint on asp&ttaction, depending on the number
JonHuntsman o741 B % | acmmes 51a 17000 ; 5120 of included noun phraséeritical region located between 0 and 3 percent
Mitt Romney 7243 56 |6 |presidentObama |51.79 |1.68823 11.10 |41.10 |0 noun phraseatio) o |
Michele Bachmann | 6864 59 |22 | Wants 2009 |1.67530 971 |3095|1.00 A TgbIeB presentsaverage classn‘lcatlc_)n accuracies _that were calculated on
— 9 [1 |cnnpol 8.00 |1.66771 400 |0.00 |4.00 different data setdRick Perry and Mitt Romney) with varying threshold of
Newt GmgnCh 7199 76 30 | company showed |49.40 | 1.64969 0 49.40 | 0 Included nourphrases
RICK Saitorm SH82 10 0 pmﬁrtl's t t 10.00 | 1.547/82 0 9.00 |1.00
Ron Paul 7979 il bl s ' ' ' ' A Interpretation : The PMI adjustment weights out the score of some of the
—— — frequent phrases that asthoughhigh frequencybased score, no aspects,
icx ety A Contextshouldbe providedfor everyaspect and tries to give low frequency aspects a scadvmast
_ _ A For example: I. moreaccurate extraction results than pure frequestoying
A Natural Languag®rocessing wadone in PythormndNLTK P'e. . L s - - -
guag 9 yt "IT'S ON: Democrats Are Waging War Over Romney's 'Sleazy’ li. Implies a meronymy betwegoliticians and theicampaign topics
A Tokenizaion PunktSentencdokenizerand Treebank Wor@lokenizer Calmp el ¢ n A d. M P )
A Most ofthe tweets areessages containifgeadlineof online news
9
: : Icles posted by different users. Average accuracy
A Penn Treebank POS tagging and regular expression noun phrase chun} art!c . .
99ing J P P A Thisleads to biased counts and unreliaietgults Threshold  Adjusted PMFrequency score
A Explicit aspects are assumed to be nphrases (Implicit aspects are 20 22.50% 17,3%
- . e L 40 20,25% 16,25/
gmaree) 4. Sentiment Classification ’ ’
. . . . 60 17,50k 18,34%
. . A Two steps in unsupervised sentiment classification:
A NOISG Cleanlng. 80 16,7%% 20,00%

I. Assemble a general or domain dependent opinion lexicon for words
or opinion phrases 100 Lejops L2ttt

. . . - ler

Iil. Classify sentiment based on a statistical measure

I.  Hyperlinks and hashes (tags were preserved)
i. Usernames with preceding i@ Ww

user
i. The ARTO k e Yy WO I d whi ch i S us ed 4.1Bui|ding Levcian ’ Houig & Lt ghart for glassification performance Table 3: Average accuracies
a retweet A Subjectivityclues lexiconpresentedn [19], was used to detect _
semanticrientation at wordevel /. Conclusions and Future Work
A Consistof 2296 positive, 4138 negative and 444 neutral distinct | A Paper presents the challenging taskspecibased opinion summarization
_ opinionwords on Twitterdata (social media monitoring@) thedomainof politics
SRRt 2l el . . . A _Highly informal domains like tweets or social networks communicatigh Twitter data can easily be gatherédif speciatonsiderations in retrieval and
A The goal is to find _releva_nt campaign topl.c_s (aspect.s) which are assurged tQ eed domain speciflexicons pre-processingreneeded
fonm ameronomyatn their associated pofiticalicanaidates A In [20], we extract adjectives from the Twitter corpus and expand theA N L T Kbaiif-in pre-processing functionalitiesot completelysufficient for
. general lexicon based on the idea of sentiment consistency of Informal textcorpora

A The PMI measure and phrase frequency forarsstraint for aspect HatzivassiloglolandMcKeown [21] A Newly introducedcombination othe PMI measure and phrase frequency a

extraction

constraint on aspeeixtraction(canbe applied in any domain where a
meronymy relationship of opinion targets aspectdoldstrue)

A According to [3], during aspect extraction (also called feature extractio it 4 >word-Level Sentment A Evaluation showshat the meronympetweemoliticians and their campaign
Is assumed that only noun phrases are relevant aspects of the opiniorlafgeis mantic orientation of won is the class which maximizes the holds
probabilityc conditional orw, where C= {positive, negative, neutral}} A Future work:

A Manning andSchiitzen [17] argue that sparseness is a difficult proble
PMI, because bigrams composed of fmaquency words will receive a
higher score than those composed of Hirgquency words. (The notion o
Pointwise Mutual Information has been introduced by Dunning [18].)
problem is compensated in our work, as can be seen in the next subs

' andc| C (Equation 4) I. learningof other domairspecific opinion words like nourand verbs
A Every wordw can be represented as the set of its synonym retrieved  ii. Both time andegional distinctions for mor@etailedsummaries

from WordNet lii. Assurethat particular opinion wordsreexpressed In relation to the
B aspect or the opiniotarget
tion e a o wé 0E GEO ., . Iv. long-distanceopinionshifterdependenciefor aggregated aspect

i Yw) ACCAPw  ACCA i weisqo ~ % sentiment
rc

(Eq. 4)

\S{oY)

A Equation 1 shows the simplified version of the PMI measure used to s
the web for the number of hits of phrases x and y, which is often calle
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