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Abstract

The BlogVox systemretrieves opinionatedblog postsspec-
i®ed by ad hoc queries. BlogVox was developedfor the
2006 TREC blog track by the University of Maryland, Bal-
timore County and the JohnsHopkins University Applied
PhysicsLaboratoryusinga novel systemto recognizdegiti-
matepostsanddiscriminateagainstspamblogs. It alsopro-
cesseoststo eliminate extraneousnon-contentjncluding
blog-rolls, link-rolls, adwertisementandsidebars.After re-
trieving postsrelevantto atopic query the systemprocesses
themto producea setof independenteaturesestimatingthe
likelihoodthat a postexpressesan opinion aboutthe topic.
Theseare combinedusing an SVM-basedsystemand inte-
gratedwith therelevang/ scoreto rankthe results. We eval-
uate BlogVox's performanceagainsthumanassessorsWe
also evaluatethe individual splog ®ltering and non-content
removal componentsf BlogVox.

Intr oduction

Blog postscontainnoisy, ungrammaticaknd poorly struc-
turedtext. This makesopen-domainppinion retrieval for
blogschallenging.In additionary text analyticssystenthat
dealswith blogs mustaddresswo key issues: (i) detect-
ing andeliminatingspamblogsandspamcommentsand(ii)
eliminatingnoisefrom link-rolls andblog-rolls.

The BlogVox systemwasdevelopedby the University of
Maryland, Baltimore County and the JohnsHopkins Uni-
versity Applied PhysicsLaboratoryto performthe opinion
retrieval taskde ned by the 2006 TREC Blog Track. In this
task,auserentersa queryfor atopic of interest(e.g.,March
of the Penguinsindexpectsto seea list of blog poststhat
expressan opinion (positive or negative) aboutthe topic.
The resultsare ranked by the likelihood that they are ex-
pressingan opinion aboutthe given topic. The approach
usedin BlogVox hasseveralinterestingfeatures.Two tech-
niguesare usedto eliminate spurioustext that might mis-

lead the judgmentof both relevanceand opinionatedness.

First, we identify postsfrom spamblogsusinga machine-
learningbasedapproachand eliminatethem from the col-
lection. Secondpostsare”cleaned”beforebeingindexedto
eliminate extraneougext associatedvith navigation links,
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blog-rolls, link-rolls, adwertisementandsidebars After re-
trieving postsrelevantto a topic query the systemapplies
a setof scoringmodulesto eachproducinga vectorof fea-
turesestimatinghelik elihoodthata postexpressesanopin-
ion aboutthe topic. Theseare combinedusing an SVM-

basedsystemandintegratedwith theoverallrelevang score
to ranktheresults.

Opinion extraction and sentimentdetectionhave been
previously studiedfor mining sentiment&ndreviewsin do-
mainssuchasconsumeproducts(Dave, Lawrence,& Pen-
nock 2003) or movies (Pang, Lee, & Vaithyanathar?002;
Gilad Mishne 2006). More recently blogs have becomea
newv mediumthroughwhich usersexpresssentimentsOpin-
ion extractionhasthusbecomamportantfor understanding
consumetbiasesandis beingusedasa new tool for mar
ketintelligence(Glanceet al. 2005;Nigam & Hurst 2004;
Liu, Hu, & Cheng2005).

Blog posts contain noisy, ungrammaticaland poorly
structuredext. This makesopen-domaingpinion retrieval
for blogschallenging.In additionary text analyticssystem
thatdealswith blogsmustaddresgwo largerissues:(i) de-
tectingand eliminating postsfrom spamblogs (commonly
known assplogs)and spamcommentsand (ii) eliminating
irrelevanttext andlinks thatare not part of the post's con-
tent.

Recently Spamblogs,or splogshave recevedsigni cant
attention andtechniquesirebeingdevelopedo detecthem.
Kolari, et al. (Kolari, Finin, & Joshi2006) have recently
discussedhe useof machinelearningtechniquedo iden-
tify blog pagegasopposedo otheronlineresourcesandto
catgyorizethemasauthenticblogs or spamblogs (splogs).
(Kolari, Jara, & Finin 2006) extendsthis study by analyz-
ing a specialcollectionof blog postsreleasedor the Third
AnnualWorkshopontheWebloggingEcosystenheldatthe
2006World Wide Web ConferenceTheir ndings onspam
blogscon rms the seriousnessf the problem,the mostre-
centdatashavs about64% of “pings” collectedfrom the
mostpopularping-senerfor Englishblogsarefrom splogs.

Blog postsare complex documentsandconsistof a core
containingthe post's real contentsurroundedby an array
of extraneousand irrelevant text, imagesand links. This
“noise” includedinks to recentposts havigationallinks, ad-
vertisementand other Web 2.0 featuressuchastag rolls,
blog rolls, Technoratitags, Flickr links and often accounts



for 75% or more of the posts size. The presenceof this
extra materialcanmale it dif cult for text mining tools to
narronv down andfocuson the actualcontentof a blog post.
Moreover, thesefeaturesnayalsoreducesearchindex qual-
ity. Discountingfor suchnoiseis especiallymportantwhen
indexing blog content. Blog postsare complex documents
andconsistof a corecontainingthe post's real contentsur
roundedby an array of extraneousandirrelevant text, im-
agesandlinks. This “noise” includeslinks to recentposts,
navigational links, adwertisementsand other Web 2.0 fea-
turessuchastag rolls, blog rolls, Technoratitags, Flickr
links andoftenaccountdor 75% or moreof the post's size.
The presencef this extra materialcanmake it dif cult for
text mining tools to narrav down andfocus on the actual
contentof a blog post. Moreover, thesefeaturesmay also
reducethe quality of the searchindex. Discountingfor such
noiseis especiallyimportantwhenindexing blog content.
The paperis organizedasfollows: rst we give a brief
overview of the 2006 TREC Blog Track, andits associated
datasetn section. Thenwe describeour system BlogVox,
in Section. The next threesectionsexplain how BlogVox
works. In Sectionwe explainhow we dealwith splogs.Fol-
lowing thatwe describein Section a simple,yet effective,
heuristicfor cleaningthe blog postto remove ary extrane-
ouslinks andotherfeatures Thenwe explain how BlogVox
scoregpostsfor opinionrankingin Section. We presenthe
TREC resultsalongwith anevaluationof the postcleaning
andsplog ltering techniquesn Section. Finally, we dis-
cussour resultsin Section andconclusionsn Section.

The TREC Blog Track

The 2006 TREC Blog track, organizedby NIST, asled par
ticipantsto implementandevaluatea systemto do “opinion
retrieval” from blog posts.Speci cally, thetaskwasde ned
asfollows: build a systemthatwill take a querystringde-
scribingatopic, e.g.,“March of the Penguins” andreturna
rankedlist of blog poststhatexpressanopinion, positive or
negative, aboutthetopic.

For training and evaluation,NIST provided a datasef
over three million blogs dravn from about 80 thousand
blogs. The TREC datasetconsistedof a setof XML for-
matted les, eachcontainingblog postscravled on a given
date. The entire collection consistedof over 3.2M posts
from 100K feeds(Macdonald& Ounis2006). Theseposts
were parsedand storedseparatelyfor convenientindexing,
usingthe HTML parsertool 1. Non-Englishblogswereig-
noredin additionto ary pagethatfailedto parsedueto en-
codingissues.

In orderto make the challengerealistic NIST explicitly
included17,969feedsfrom splogs,contributing to 15.8%
of the documents. There were 83,307 distinct homepage
URLSs presentin the collection, of which 81,014could be
processed. The collection containeda total of 3,214,727
permalinksfrom all theseblogs.

TREC2006Blog Trackparticipantduilt andtrainedtheir
systemgo work on this dataset.Entrieswere judgedupon
anautomaticevaluationdoneby downloadingandrunning,
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without further modi cation to their systemsa setof fty
testqueries.

BlogVox Design

Comparedo domain-speci copinion extraction, identify-
ing opinionateddocumentsabouta randomlychosentopic
from a pool of documentghat are potentially unrelatedto
the topic is a much more dif cult task. Our goal for this
projectwasto createa systemthat could dynamicallylearn
topic sensitve sentimentwordsto better nd blog postsex-
pressingan opinion abouta speci ed topic. After cleaning
theTREC2006BIlog Trackdatasein thepre-indeing stage,
blog postsareindexedusingLucene,anopen-sourcsearch
engine.Givena TREC queryBlogVox retrievesa setof rel-
evantpostsfrom the Luceneindex andsendghepoststo the
scorersUsinga SVM BlogVox rankseachdocumenbased
uponthe scorevectorgeneratedor thedocumenby the set
of scorersshav in Figure2. Section explainshow theindi-
vidual scorers someof which employ learningalgorithms,
function.
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Figure 1: BlogVox text Preparatiorsteps: 1. Parsethe TREC
corpus2. Remae nonEnglishposts3. Eliminatesplogsfrom the
collection(Section) 4. Remae spuriousmaterialfrom the DOM
tree.(Section)
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Figure2: After relevantpostsareretrieved, they arescored
by variousheuristicsandan overall measureof oinionated-
nesscomputedoy a SVM.

We tunedLucenes scoringformulato performdocument
length normalizationandterm speci ¢ boosting?. Lucene

2http://lucene.apachegfiava/docs/scoring.html



internally constructsaninvertedindex of the documentsy

representingeachdocumentas a vector of terms. Given
a queryterm, LuceneusesstandardTerm Frequeng (TF)

and Inverse DocumentFrequeng (IDF) normalizationto

computesimilarity. We usedthe default parametersvhile

searchingthe index. However, in orderto handlephrasal
gueriessuchas“United Statesof America” we reformulate
the original query to boostthe value of exact matchesor

proximity-basednatchedor the phrase.

Identifying and Removing Spam

Two kindsof spamarecommonin the blogosphergi) spam
blogs or splogs,and (ii) spamcomments.We rst discuss
spamblogs, approache®n detectingthem, and how they

wereemployedfor BlogVox.

Problem of SpamBlogs

Splogsare blogs createdfor the sole purposeof hosting
ads,promotingaf liate sites(includingthemseles)andget-
ting new pagesindexed. Contentin splogsis often auto-
generatedand/or plagiarized, such software sells for less
than100dollarsandnow inundateghe blogospherdoth at
ping seners(around75% (Kolari 2005)) that monitor blog
updatesand at blog searchengines(around20%, (Kolari
etal. 2006b))thatindex them. Spamcommentsposean
equallyseriousproblem,whereauthentichlog postsfeature
auto-generatedommentshat target ranking algorithmsof
popularsearchengines. A popularspamcomment Iter 3
estimatesheamountof spamdetectedo be around93%.

Figure 3 shawvs a splog postindexed by a popularblog
searchengine. As depicted,it featurescontentplagiarized
from otherblogs (ii), displaysadsin high paying contects
(), andhostshyperlinks(iii) thatcreatelink farms. Scores
of suchpagesnow pollute the blogospherewith nex ones
springingup every moment. Splogscontinueto be a prob-
lem for web searchengineshoweverthey presenta new set
of challengedor blog analytics.

Detecting Splogs

Splogs are well understoodto be a speci ¢ instanceof

the more general spam web-pages(Gyongyi & Garcia-
Molina 2005). Thoughof ine graphbasednechanisméike

TrustRank(Gyodngyi, Garcia-Molina & Pederser2004)are

sufciently effective for the Web, the blogospherelemands
new techniques. The quality of blog analyticsenginesis

judgednot just by contentcoverage but alsoby their abil-

ity to quickly index and analyzerecent(hon-spam)posts.
This requiresthat fastonline splog detection/ Itering (Ko-

lari, Finin, & Joshi2006)(Saletti & Nicolov 2006)beused
prior to indexing new content.

We employ statisticalmodelsto detectingsplogsasde-
scribedby (Kolari etal. 2006b),basedon supervisedna-
chinelearningtechniquesusingcontentiocal to a page.en-
abling fastsplogdetection. Thesemodelsare basedsolely
on blog home-pagesandarebasecdbn a training setof 700
blogsand700splogs.Statisticaimodelsbasednlocal blog

3http://akismet.com
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Figure3: A typical splog,plagiarizescontent(ii), promotesother
spampages(iii), and (i) hostshigh paying contextual adwertise-
ments

Featue | Precision| Recall || F1

words .887 .864 .875
urls .804 .827 .815
anchors| .854 .807 .830

Tablel: SVMModelswith 19000word featuesand10000ead of
URL and andchor text featues (ranked using Mutual Information)
canbequiteeffectivefor splag detection.

featuresperformwell on spamblog detection. SeeTable
1. The bag-of-words basedfeaturesslightly outperforms
bag-of-outgoingus (URL's tokenizedon /') and bag-of-
outgoinganchors.Additional resultsusing link basedfea-
tures are slightly lower that local features,but effective
nonethelesslnterestedeadersarereferredto (Kolari etal.

2006b)for further details. Therefore,BlogVox usedonly

local featurego detectsplogs.

Commentspam

Commenspamoccurswhenauserpostsspaminsideablog
comment. Commentspamis typically managedoy indi-

vidual bloggers,throughmoderatingcommentsand/orus-
ing commentspamdetectiontools (e.g. Akismet) on blog-
ging platforms.Commentspamandsplogsshareacommon
purpose. They enableindexing new web pages,and pro-
moting their pagerank, with eachsuchpageselling online
merchandiser hostingcontext speci ¢ adwertisementsDe-
tectingandeliminatingcommentpam(Mishne,Carmel,&

Lempel2005)dependdargely on the quality of identifying
commenton a blog post, partof which is addressedh the
next section.



Identifying Post Content

Most extraneousfeaturesin blog postare links. We de-
scribetwo techniqueso automaticallyclassifythelinks into
content-linksandextra-links. Contentinks arepartof either
thetitle or thetext of the post. Extralinks arenot directly
relatedto the post, but provide additionalinformationsuch
as: navigational links, recententries,adwertisementsand
blog rolls. Differentiatingthe blog contentfrom its chaf is
furthercomplicatedby blog hostingservicesusingdifferent
templatesand formats. Additionally, usershosttheir own
blogs and sometimescustomizeexisting templatesto suit
their needs.

Web pagecleaningtechniqueswork by detectingcom-
mon structuralelementsfrom the HTML DocumentObject
Model (DOM) (Yi & Liu 2003;Yi, Liu, & Li 2003). By
mining for both frequentlyrepeategresentationatompo-
nentsand contentin web pages,a site style tree is con-
structed. This tree structurecan be usedfor datacleaning
and improved featureweighting. Finding repeatedstruc-
tural componentsequiressamplingmary web pagesfrom
adomain.Althoughblogsfrom the samedomaincanshare
similar structuralcomponentsthey candiffer dueto blog-
gercustomizationOur proposedechniquedoesnotrequire
samplingandworksindependentlyn eachblog permalink.

Insteadof mining, we useda simplegeneraheuristic.In-
tuitively extraneousinks tendto betightly groupedcontain-
ing relatively smallamountof text. Notethatatypical blog
posthasa complex DOM treewith mary parts,only oneof
whichis the contentof interestin mostapplications.

Figure4: A typical blog postcontainingnavigationallinks,
recentposts, adwertisementsand post contentwith addi-
tional links in it. Highlighted links are eliminatedby the
approximatiorheuristic.

After creatingthe DOM treewe traverseit attemptingto
eliminateary extraneoudinks andtheir correspondingn-
chortext, baseduponthe precedingandfollowing tags. A
link a is eliminatedif anothedink b within a s tagdis-
tanceexistssuchthat:

Algorithm 1 Blog postcleaningheuristic

Nodes[Jtags = tagsin theorderof thedepth rst traversal
of theDOM tree
for all i suchthat0 i jtagsjdo

dist = nearestLink®@g(tagsi);

if dist dist then

eliminatetagsj]

endif

endfor

Procedure 2 int nearestLink@g(Nodes[}ags,int pos)
minD ist = jtagsj
textN odes=0
textLength =0
titl e =false;
for all j suchthatpos  gist |
node=tags]j ]
ifj = Ojjj = pogjj > (jtags]
continue
endif
if nodeinstanceOfT extN odethen
textNodes++;
textLength+= node.get&xtLength();
endif
dist =jpos jj
if node instanceOfLink N ode&& dist < minD ist
then
minD ist = dist
endif
if nodeinstanceOfT itl eNodethen
titl e =true
endif
endfor
ratio = textLeng th / textC ount
if ratio > aygrextjjtitl e== truethen
returntags:size()
endif
returnminD ist

pos+ st do

1) then

No title tags(H1, H2...) existin a 45t tagwindow of a.

Averagdengthof thetext bearingnodeshetweera andb
is lessthansomethreshold.

b is thenearestink nodeto a.

The averagetext ratio betweenthe links, aygrexx Was
heuristicallysetto 120 characteranda window size, st
of 10tagswaschosen.The Algorithm 1 providesa detailed
descriptiorof this heuristic.

Next we presenia machinelearningapproacho the link
classi cationproblem.Fromalargecollectionof blog posts,
arandomsampleof 125postswasselected A humanevalu-
atorjudgeda subsebf links (approximatelyt00)from these
posts. The links were manuallytaggedeithercontent-links
or extra-links. Eachlink wasassociatedvith a setof fea-
tures. Table 2 summarizeghe main featuresused. Using
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Features
PreviousNode

Next Node
ParentNode
PreviousN Tags

Next N Tags

Sibling Nodes

Child Nodes

Depthin DOM Tree
Charoffsetfrom pagestart
10 | links outsidetheblog?
11 | Anchortext words

12 | PreviousN words

13 | Next N words

Table2: Featuresisedfor trainingan SVM for classifying
links ascontentlinks andextralinks.

Method Precision | Recall || F1

baselineheuristic 0.83 0.87 0.849
svmcleaner(tagfeatures)| 0.79 0.78 0.784
svmcleaner(all features) | 0.86 0.94 0.898

Table 3: Data cleaningwith DOM featues on a training setof
400HTML Links.

this featuresetan SVM modelwas trained* to recognize
links to eliminate. The rst setof featureq1-7) washbased
on the tag information. The next setof features(8-9) was
basedon positioninformationandthe nal setof features
(10-13)consistedf word-basedeatures Usingfeatureq1-
7)yieldsaprecisionof 79.4%andrecallof 78.39% usingall
our featureq(1-13) yields a precisionof 86.25%andrecall
of 94.31%under10-fold crossvalidation.

We comparedhe original baselineheuristicagainsthu-
man evaluators. The averageaccurag for the baseline
heuristicis about83%with arecallof 87%.

Scoring

To improvethequality of opinionextractionresults,t is im-

portantto identify thetitle and contentof the blog postbe-
causehe scoringfunctionsandthe Luceneindexing engine
can not differentiatebetweentext presentin the links and
sidebardrom text presenin contentof the blog post. Thus,
a postwhich hasa link to a recentposttitied "Why | love
my iPod' would be retrieved asan opinionatedoostevenif

the postcontentis aboutsomeothertopic. This obsenation
leadto the developmeniof our rst scorers.

Asshavnin gure 2,anumberof heuristicsareemployed
to scorethe resultsbasedon the likelihoodthatit contains
an opinion aboutthe queryterms. Thesescorerswork by
usingbothdocumentevel andindividual sentencéevel fea-
tures. Someof the scoringheuristicswere supportedoy a
hand-craftedist of 915 genericpostive and 2712 negative
sentimentvords.

“http://svmlight.joachims.org/

Thefollowing is a brief descriptionof eachscoringfunc-
tion:

Query Word Proximity Scorer nds the averagenum-
berof sentimentermsoccurringin thevicinity of thequery
termsusingawindow sizeof 15 wordsbeforeandafterthe
queryterms.If thequeryis aphrasalquery, the presencef
sentimentermsaroundthe querywasweightedtwice.

Parametrized Proximity Scorer was similar to the
QueryWord Proximity Scorer However, we useda much
smaller dictionary which was divided into two subsets:
highly polar sentimentwords, and the relatively lesspolar
words. We usedparameterso specifythe window of text
to searctfor sentimentvords( veand fteen), andto boost
sentimentermsaroundphrasequeriesoneandthree).This
resultedn atotal of eightscorers.

Positive and Negative Scorers countedthe numberof
sentimentvords(positive, negative)in theentirepost.

Lucene Relevance Score wasusedto nd how closely
thepostmatcheghequeryterms.

We alsoexperimentedwith otherscoringfunctions,such
asadjectveword countscorer ThisscoremusedanNLP tool
to extractthe adjectvesaroundthe queryterms. However,
this tool did not performwell mainly dueto the noisy and
ungrammaticabsentencepresenin blogs.

Oncethe resultswere scoredby thesescoringmodules,
we useda meta-learning@pproacho combinethescoreaus-
ing SVMs. Our SVMs weretrainedusinga setof 670 sam-
plesof which 238 were positive (shaved a sentiment)and
the restwere negative. Using the polynomial kernelwith
degreegave thebestresultswith precisionof 80%andrecall
of 30%. Themodelwastrainedto predictthe probability of
a documentexpressingopinion. This valuewasthencom-
binedwith the Lucenerelevancescoreto producenal runs.

Evaluation

The opinion extraction systemprovides a testbedapplica-
tion for which we evaluatedifferentdatacleaningmethods.
Therearethreecriteria for evaluation: i) improvementsin
opinion extraction task with and without data cleaningii)
performancevaluationfor splogdetectioniii) performance
of the postcontentidenti cation.

SplogDetectionEvaluation

Our automatedsplog detectiontechniqueidenti ed 13,542
blogsassplogs. This accountdor about16% of the iden-
ti ed homepagesThe total numberof splogpermalinksis
543,0860r aroundl6%of thecollection,whichis veryclose
to the 15.8%explicitly includedby NIST. While the actual
list of splogsarenotavailablefor comparisonthecurrentes-
timateseento be close.To preventthe possibility of splogs
skewing our resultspermalinksassociateavith splogswere
notindexed.

Given a searchquery we would like to estimatethe im-
pactsplogshave on searctresultprecision.Figure5 shavs
the distribution of splogsacrosghe 50 TREC queries.The
quantity of splogs presentvaries acrossthe queriessince
splogs are query dependent. For example, the topmost
spammedjuerytermswere "cholesterol'and “hybrid cars'.



Distribution of Splogs that appear in
TREC queries (Each line represents a query)

Number of Splogs
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Top search results ranked using TFIDF Scoring

Figure5: The numberof splogsin the top x resultsfor 50
TREC queries.Top splogqueriesinclude“cholesterol”’and
“hybrid cars”

Suchqueriesattracta target market, which adwertisercan
exploit.

The descriptionof the TREC data(Macdonald& Ounis
2006)providesananalysiof thepostsfrom splogshatwere
addedto the collection. Top informative termsinclude “in-
surance', 'weight', “credit' and such. Figure 6 shawvs the
distribution of splogsidenti ed by our systemacrosssuch
spamterms. In starkcontrastfrom Figure5 thereis a very
high percentagef splogsin thetop 100results.

Post Cleaning Evaluation

In BlogVox datacleaningimproved resultsfor opinion ex-
traction. Figure 7 highlights the signi cance of identify-
ing andremoving extraneouscontentfrom blog posts. For
50 TREC queries,we fetchedthe rst 500 matchedrom a
Luceneindex andusedthe baselinedatacleaningheuristic.
Somedocumentavereselectednly dueto the presencef
guerytermsin sidebarsSometimeshesearelinks to recent
postscontainingthe queryterms,but canoften be links to
adwertisementsieadinglists or link rolls, etc. Reducingthe
impactof sidebaron opinion rank throughlink elimination
or featureweighingcanimprove searchresults.

Table 3 shaws the performanceof the baselineheuristic
and the SVM baseddatacleaneron a hand-taggedet of
400links. The SVM modeloutperformghebaselineheuris-
tic. The currentdatacleaningapproachworks by makinga
decisionattheindividual HTML taglevel; we arecurrently
working onautomaticallyidentifyingthe DOM subtreeshat
correspondo thesidebarelements.

Distribution of Splogs that appear in
'spam contexts' indentified in TREC

Number of Splogs

5 10 15 20 25 3 35 4 45 50 S5 60 65 70 75 8 8 9 95 100

Top search results ranked using TFIDF Scoring

Figure 6: The numberof splogsin the top x resultsof the
TREC collectionfor 28 highly spammedjueryterms. Top
splogqueriesinclude'pregnang’, 'insurance','discount’

TrecSubmissions

The core BlogVox systemproducesesultswith two mea-
sures. The rst is a relevancescoreranging from 0.0 to
1.0, which is the valuereturnedby the underlyingLucene
query system. The secondwas a measureof opinionated-
ness,which was a real numbergreaterthan 0.0. We pro-
ducedthe sim numbergor eachof therunsfrom aweighted
averageof thetwo numbersafternormalizingthemusingthe
standardZ-normalizatiortechnique.

Thebaselinerun wasexectutedon the uncleanediataset
usinga selectionof whatwe anticipatedo bethe sevenbest
scorerfeaturesand with an equalweighting for relevance
andopinionatednessThis run wasalsothe bestperforming
run amongstur of cial runs. Runstwo through ve were
madeon the semi-cleanediatasetandusinga larger set of
eleven scorerfeatures.After normalizingthe resultscores,
we usedweightsof (1,1),(1,2),(1,3)and(2,1).

Figure 8 shavs the resultsfrom the TREC submissions
for opinionretrieval. Figure9 shavs theresultsfor thetopic
relevance.The MeanAveragePrecision(MAP) for opinion
retrieval of the original TREC submissionsvas0.0764and
theR-Precwasaround0.1307.The MAP for topicrelevance
wasabout0.1288with an R-Precof 0.1805. After inspec-
tion of the code,it appearedhatthis may have beendueto
a minor bug in the original codethatwas usedfor the of -
cial run. Upon correctingthis andre-executingthe run, we
found thatthe MAP for opinion taskwas about0.128and
for retrieval wasabout0.1928. A nal run wasperformed
by runningthe queriesagainstanindex recreatedy clean-
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Figure8: Meanaverageprecision(for opinion)of original TREC submissiorlJABas11,updatedunsandcleanindex runs.

Distribution of Query Terms in Post Content vs. Sidebars

[BQuery Term in Post Content B Query Terms in Sidebar |

Figure7: Documentscontainingquerytermsin the postti-
tle or contentvs. exclusively in the sidebarsfor 50 TREC
gueriesusing500resultsfetchedfrom the Luceneindex.

run opinion topicrelevance
map | r-prec map | r-prec
UABasl11| 0.0764| 0.1307| 0.1288] 0.1805

UAEx11 | 0.0586| 0.0971| 0.0994| 0.1367
UAEx12 | 0.0582| 0.0934| 0.0985| 0.1355
UAEx13 | 0.0581| 0.0923| 0.0978| 0.1360
UAEx21 | 0.0590| 0.0962| 0.0998| 0.1366

Corrected| 0.1275| 0.202 | 0.1928]| 0.2858
Cleaned | 0.1548| 0.2388]| 0.2268]| 0.3272

Table4: Theresultsfor the opinionandtopic relevanceper
formanceof differentruns

ing all the postsusingheuristicddescribedn Section. Table
4 summarizeghe resultsobtained. We nd that cleaning
signi cantly improved both opinion andretrieval scoresof
our system.Figure11 comparegshe precisionrecall curves
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Figure9: MeanaveragePrecision(for topic relevance)of original TREC submissiorlJABas11,updatedunsandcleanindex runs.

for thesetheseruns.

Wethink thattheretrieval performanceouldbeimproved
by usingthe following approachesuseof queryexpansion
modulesapplyingrelevancefeedbackandusingthedescrip-
tion andnarrative elds from theTRECqueriego formulate
the nal Lucenequery

Discussion

For TREC runs, we usedan index on blog poststhat had
not beencleanedfor all of the runs. For run onewe eval-
uatedtheseuncleanedpostsusinga complementof seven
heuristics. For runstwo through ve, we retrieveda x ed
numberof postids usingthe index of uncleaneddataand
thencleanedheresultingposts‘on the y”. A largersetof
eleven heuristicscoringfunctionswas usedfor theseruns.
After cleaningapost,we did a heuristiccheckto ensurehat
at leastsomeof the querytermsremained.If not, the post
was discarded. We believe that this ad hoc approachsig-
ni cantly loweredour precisionscoresfor theseruns due

to at leastthreereasons. First, the relevancescoreswere
computedby Luceneon the uncleanedpostsand were not
accuratefor the cleanedversionssincethetermfrequencies
for boththe collectionandfor eachdocumentverealtered.
Seconddiscardingmary of the postsafterthe cleaningre-
ducedthe numberof available results,alreadylow dueto
theimpendingdeadline.Finally, the cleanedpostswerein
mary casedikely to be lessrelevantthattheir scoresvould
indicatedueto theremoval of querywords.

Manual inspectionof someof the resultsshaved that
therewere a numberof matcheghatweredueto the pres-
enceof the querytermsin extraneoudinks. In orderto ver-
ify the effectivenesof cleaningwe createda new index us-
ing only the cleanedversionsof the posts.We nd thatus-
ing this cleanerindex improvednotonly retrieval resultsbut
alsoeffective meanaverageprecisionfor opinion retrieval.
As canbe obsenedfrom Figure 10, in almostall the cases
themeanaverageprecisionfor therunson cleaneddataout-
performthoseon uncleandata. The queriesfor which data
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Figure 10: Differenceof MAP from Medianfor original TREC submissiorlJABas11,updatedunsandcleanindex runs.

cleaningmadea signi cant improvementwere “larry sum-
mers”, “bruce bartlett”, “Fox News Report” and “zyrtec”.
Comparinghesewith Figure7 indicateghatthesewverealso
gueriesthat containeda highernumberof matcheghathad
the termsexclusively in the sidebar On the otherhandfor
querieslike “audi', “oprah'and colbertreport' the cleaned
runshada lower precisionpossiblydueto the strict thresh-
oldsfor cleaning.

Conclusion

We developedthe BlogVox systemas an opinion retrieval
systenfor blog postsaspartof the 2006 TRECBIlog Track.
This task requiresprocessingan ad hoc queriesrepresent-
ing topicsandretrieving poststhatexpressanopinionabout
them. Our initial experimentswith the blog postcollection
revealedtwo problems:the presencef spamblogsandthe
largeamountof extra, non-contentext in eachposts.

We identi ed postsfrom spamblogs using a machine-
learningbasedapproactandeliminatedthemfrom the col-

lection. The remainingpostswere “cleaned” beforebeing
indexedto eliminateextraneougext associateavith naviga-
tionlinks, blog-rolls,link-rolls, adwertisementandsidebars.
After retrieving postsrelevantto a topic query the system
appliesa setof scoringmodulesto eachproducinga vector
of featuresestimatinghelik elihoodthata postexpressesin
opinionaboutthetopic. ThesearecombinedusinganSVM-
basedsystemandintegratedwith theoverallrelevang score
to ranktheresults.

Our evaluationof the BlogVox resultsshoved that both
splogelimination and postcleaningsigni cantly increased
the performanceof the system.The overall performanceas
measurediy the meanaverage precisionand R-precision
scoresshaved that the systemworked well on mostof the
fty testqueries. We believe that the systemcan be im-
provedby increasingthe accurag of the post-cleaningand
re ning theopinionscorers.



Recall-Precision Curves

Figurel11l: PrecisionRecallcurvesfor original TREC submission
UABas11,updatedunsandcleanindex runs.
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