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Abstract

The BlogVox systemretrievesopinionatedblog postsspec-
i®ed by ad hoc queries. BlogVox was developed for the
2006TREC blog track by the University of Maryland,Bal-
timore County and the JohnsHopkins University Applied
PhysicsLaboratoryusinga novel systemto recognizelegiti-
matepostsanddiscriminateagainstspamblogs. It alsopro-
cessespoststo eliminateextraneousnon-content,including
blog-rolls, link-rolls, advertisementsandsidebars.After re-
trieving postsrelevant to a topic query, thesystemprocesses
themto producea setof independentfeaturesestimatingthe
likelihood that a postexpressesan opinion aboutthe topic.
Theseare combinedusingan SVM-basedsystemand inte-
gratedwith therelevancy scoreto ranktheresults.We eval-
uateBlogVox's performanceagainsthumanassessors.We
also evaluatethe individual splog ®ltering and non-content
removal componentsof BlogVox.

Intr oduction
Blog postscontainnoisy, ungrammaticalandpoorly struc-
tured text. This makesopen-domain,opinion retrieval for
blogschallenging.In additionany text analyticssystemthat
dealswith blogs must addresstwo key issues: (i) detect-
ing andeliminatingspamblogsandspamcommentsand(ii)
eliminatingnoisefrom link-rolls andblog-rolls.

TheBlogVox systemwasdevelopedby theUniversityof
Maryland, Baltimore County and the JohnsHopkins Uni-
versityApplied PhysicsLaboratoryto performthe opinion
retrieval taskde�ned by the2006TRECBlog Track. In this
task,auserentersaqueryfor a topicof interest(e.g.,March
of thePenguins)andexpectsto seea list of blog poststhat
expressan opinion (positive or negative) about the topic.
The resultsare ranked by the likelihood that they are ex-
pressingan opinion about the given topic. The approach
usedin BlogVox hasseveral interestingfeatures.Two tech-
niquesare usedto eliminatespurioustext that might mis-
lead the judgmentof both relevanceand opinionatedness.
First, we identify postsfrom spamblogsusinga machine-
learningbasedapproachandeliminatethemfrom the col-
lection.Second,postsare”cleaned”beforebeingindexedto
eliminateextraneoustext associatedwith navigation links,

� Partial supportwas provided by an IBM Fellowship and by
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blog-rolls,link-rolls, advertisementsandsidebars.After re-
trieving postsrelevant to a topic query, the systemapplies
a setof scoringmodulesto eachproducinga vectorof fea-
turesestimatingthelikelihoodthatapostexpressesanopin-
ion aboutthe topic. Theseare combinedusing an SVM-
basedsystemandintegratedwith theoverallrelevancy score
to ranktheresults.

Opinion extraction and sentimentdetectionhave been
previouslystudiedfor miningsentimentsandreviewsin do-
mainssuchasconsumerproducts(Dave,Lawrence,& Pen-
nock 2003)or movies (Pang,Lee, & Vaithyanathan2002;
Gilad Mishne2006). More recently, blogshave becomea
new mediumthroughwhichusersexpresssentiments.Opin-
ion extractionhasthusbecomeimportantfor understanding
consumerbiasesand is beingusedasa new tool for mar-
ket intelligence(Glanceet al. 2005;Nigam& Hurst2004;
Liu, Hu, & Cheng2005).

Blog posts contain noisy, ungrammaticaland poorly
structuredtext. This makesopen-domain,opinion retrieval
for blogschallenging.In additionany text analyticssystem
thatdealswith blogsmustaddresstwo largerissues:(i) de-
tectingandeliminatingpostsfrom spamblogs(commonly
known assplogs)andspamcommentsand(ii) eliminating
irrelevant text andlinks that arenot part of the post's con-
tent.

Recently, Spamblogs,or splogshavereceivedsigni�cant
attention,andtechniquesarebeingdevelopedtodetectthem.
Kolari, et al. (Kolari, Finin, & Joshi2006) have recently
discussedthe useof machinelearningtechniquesto iden-
tify blogpages(asopposedto otheronlineresources)andto
categorizethemasauthenticblogsor spamblogs(splogs).
(Kolari, Java, & Finin 2006)extendsthis studyby analyz-
ing a specialcollectionof blog postsreleasedfor theThird
AnnualWorkshopontheWebloggingEcosystemheldat the
2006World Wide WebConference.Their �ndings on spam
blogscon�rms theseriousnessof theproblem,themostre-
cent datashows about64% of “pings” collectedfrom the
mostpopularping-server for Englishblogsarefrom splogs.

Blog postsarecomplex documentsandconsistof a core
containingthe post's real contentsurroundedby an array
of extraneousand irrelevant text, imagesand links. This
“noise” includeslinks to recentposts,navigationallinks, ad-
vertisementsandother Web 2.0 featuressuchas tag rolls,
blog rolls, Technoratitags,Flickr links andoften accounts



for 75% or more of the post's size. The presenceof this
extra materialcanmake it dif�cult for text mining tools to
narrow down andfocuson theactualcontentof a blogpost.
Moreover, thesefeaturesmayalsoreducesearchindex qual-
ity. Discountingfor suchnoiseis especiallyimportantwhen
indexing blog content. Blog postsarecomplex documents
andconsistof a corecontainingthepost's realcontentsur-
roundedby an arrayof extraneousand irrelevant text, im-
agesandlinks. This “noise” includeslinks to recentposts,
navigational links, advertisementsand other Web 2.0 fea-
turessuchas tag rolls, blog rolls, Technoratitags,Flickr
links andoftenaccountsfor 75%or moreof thepost's size.
Thepresenceof this extra materialcanmake it dif�cult for
text mining tools to narrow down and focus on the actual
contentof a blog post. Moreover, thesefeaturesmay also
reducethequality of thesearchindex. Discountingfor such
noiseis especiallyimportantwhenindexing blog content.

The paperis organizedas follows: �rst we give a brief
overview of the2006TRECBlog Track,andits associated
datasetin section. Thenwe describeour system,BlogVox,
in Section. The next threesectionsexplain how BlogVox
works. In Sectionweexplainhow wedealwith splogs.Fol-
lowing thatwe describein Section a simple,yet effective,
heuristicfor cleaningtheblog postto remove any extrane-
ouslinks andotherfeatures.Thenweexplainhow BlogVox
scorespostsfor opinionrankingin Section. We presentthe
TRECresultsalongwith anevaluationof thepostcleaning
andsplog�ltering techniquesin Section. Finally, we dis-
cussour resultsin Section andconclusionsin Section.

The TREC Blog Track
The2006TRECBlog track,organizedby NIST, askedpar-
ticipantsto implementandevaluatea systemto do “opinion
retrieval” from blogposts.Speci�cally, thetaskwasde�ned
asfollows: build a systemthatwill take a querystring de-
scribinga topic,e.g.,“March of thePenguins”,andreturna
rankedlist of blog poststhatexpressanopinion,positiveor
negative,aboutthetopic.

For training andevaluation,NIST provided a datasetof
over three million blogs drawn from about 80 thousand
blogs. The TREC datasetconsistedof a set of XML for-
matted�les, eachcontainingblog postscrawled on a given
date. The entire collection consistedof over 3.2M posts
from 100K feeds(Macdonald& Ounis2006). Theseposts
wereparsedandstoredseparatelyfor convenientindexing,
usingtheHTML parsertool 1. Non-Englishblogswereig-
noredin additionto any pagethat failedto parsedueto en-
codingissues.

In order to make the challengerealisticNIST explicitly
included17,969feedsfrom splogs,contributing to 15.8%
of the documents. Therewere 83,307distinct homepage
URLs presentin the collection,of which 81,014could be
processed.The collection containeda total of 3,214,727
permalinksfrom all theseblogs.

TREC2006Blog Trackparticipantsbuilt andtrainedtheir
systemsto work on this dataset.Entrieswerejudgedupon
anautomaticevaluationdoneby downloadingandrunning,

1http://htmlparser.sourceforge.net/

without further modi�cation to their systems,a setof �fty
testqueries.

BlogVox Design
Comparedto domain-speci�copinion extraction, identify-
ing opinionateddocumentsabouta randomlychosentopic
from a pool of documentsthat arepotentiallyunrelatedto
the topic is a much more dif�cult task. Our goal for this
projectwasto createa systemthatcoulddynamicallylearn
topic sensitive sentimentwordsto better�nd blog postsex-
pressingan opinionabouta speci�ed topic. After cleaning
theTREC2006Blog Trackdatasetin thepre-indexingstage,
blogpostsareindexedusingLucene,anopen-sourcesearch
engine.Givena TRECqueryBlogVox retrievesa setof rel-
evantpostsfrom theLuceneindex andsendsthepoststo the
scorers.Usinga SVM BlogVox rankseachdocumentbased
uponthescorevectorgeneratedfor thedocumentby theset
of scorersshow in Figure2. Section explainshow theindi-
vidual scorers,someof which employ learningalgorithms,
function.

Non English 
Blog removal
Non English 
Blog removal

2

Collection ParsingCollection Parsing

1

Splog DetectionSplog Detection

3

Pre Indexing Steps

Title and 
Content Extraction

Title and 
Content Extraction

4

Figure 1: BlogVox text Preparationsteps: 1. Parsethe TREC
corpus2. Remove nonEnglishposts3. Eliminatesplogsfrom the
collection(Section) 4. Remove spuriousmaterialfrom theDOM
tree.(Section)
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Figure2: After relevantpostsareretrieved,they arescored
by variousheuristicsandanoverall measureof oinionated-
nesscomputedby a SVM.

We tunedLucene'sscoringformulato performdocument
lengthnormalizationandterm speci�c boosting2. Lucene

2http://lucene.apache.org/java/docs/scoring.html



internallyconstructsan invertedindex of thedocumentsby
representingeachdocumentas a vector of terms. Given
a query term, LuceneusesstandardTerm Frequency (TF)
and InverseDocumentFrequency (IDF) normalizationto
computesimilarity. We usedthe default parameterswhile
searchingthe index. However, in order to handlephrasal
queriessuchas“United Statesof America” we reformulate
the original query to boost the value of exact matchesor
proximity-basedmatchesfor thephrase.

Identifying and Removing Spam
Two kindsof spamarecommonin theblogosphere(i) spam
blogsor splogs,and(ii) spamcomments.We �rst discuss
spamblogs, approacheson detectingthem, and how they
wereemployedfor BlogVox.

Problemof SpamBlogs
Splogsare blogs createdfor the sole purposeof hosting
ads,promotingaf�liate sites(includingthemselves)andget-
ting new pagesindexed. Contentin splogsis often auto-
generatedand/or plagiarized,such software sells for less
than100dollarsandnow inundatestheblogospherebothat
ping servers(around75%(Kolari 2005))thatmonitorblog
updates,and at blog searchengines(around20%, (Kolari
et al. 2006b))that index them. Spamcommentsposean
equallyseriousproblem,whereauthenticblog postsfeature
auto-generatedcommentsthat target rankingalgorithmsof
popularsearchengines. A popularspamcomment�lter 3

estimatestheamountof spamdetectedto bearound93%.
Figure3 shows a splog post indexed by a popularblog

searchengine. As depicted,it featurescontentplagiarized
from otherblogs(ii), displaysadsin high payingcontexts
(i), andhostshyperlinks(iii) that createlink farms. Scores
of suchpagesnow pollute the blogosphere,with new ones
springingup every moment.Splogscontinueto be a prob-
lem for websearchengines,however they presenta new set
of challengesfor bloganalytics.

DetectingSplogs
Splogs are well understoodto be a speci�c instanceof
the more general spam web-pages(Gyöngyi & Garcia-
Molina 2005).Thoughof�ine graphbasedmechanismslike
TrustRank(Gyöngyi,Garcia-Molina,& Pedersen2004)are
suf�ciently effective for theWeb,theblogospheredemands
new techniques. The quality of blog analyticsenginesis
judgednot just by contentcoverage,but alsoby their abil-
ity to quickly index and analyzerecent(non-spam)posts.
This requiresthat fastonline splogdetection/�ltering (Ko-
lari, Finin, & Joshi2006)(Salvetti & Nicolov 2006)beused
prior to indexing new content.

We employ statisticalmodelsto detectingsplogsasde-
scribedby (Kolari et al. 2006b),basedon supervisedma-
chinelearningtechniques,usingcontentlocal to a page,en-
abling fastsplogdetection.Thesemodelsarebasedsolely
on blog home-pages,andarebasedon a trainingsetof 700
blogsand700splogs.Statisticalmodelsbasedon localblog

3http://akismet.com

(i)
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(iii)


Figure3: A typical splog,plagiarizescontent(ii), promotesother
spampages(iii), and (i) hostshigh paying contextual advertise-
ments

Feature Precision Recall F1
words .887 .864 .875
urls .804 .827 .815
anchors .854 .807 .830

Table1: SVMModelswith19000word featuresand10000each of
URL and anchor text features(ranked usingMutual Information)
canbequiteeffectivefor splog detection.

featuresperform well on spamblog detection. SeeTable
1. The bag-of-words basedfeaturesslightly outperforms
bag-of-outgoingurls (URL's tokenizedon `/') and bag-of-
outgoinganchors.Additional resultsusing link basedfea-
tures are slightly lower that local features,but effective
nonetheless.Interestedreadersarereferredto (Kolari et al.
2006b)for further details. Therefore,BlogVox usedonly
local featuresto detectsplogs.

Commentspam

Commentspamoccurswhenauserpostsspaminsideablog
comment. Commentspamis typically managedby indi-
vidual bloggers,throughmoderatingcommentsand/orus-
ing commentspamdetectiontools (e.g. Akismet)on blog-
gingplatforms.Commentspamandsplogsshareacommon
purpose. They enableindexing new web pages,and pro-
moting their pagerank,with eachsuchpagesellingonline
merchandiseor hostingcontext speci�c advertisements.De-
tectingandeliminatingcommentspam(Mishne,Carmel,&
Lempel2005)dependslargely on thequality of identifying
commentson a blog post,partof which is addressedin the
next section.



Identifying Post Content
Most extraneousfeaturesin blog post are links. We de-
scribetwo techniquesto automaticallyclassifythelinks into
content-linksandextra-links.Contentlinks arepartof either
the title or the text of the post. Extra links arenot directly
relatedto thepost,but provide additionalinformationsuch
as: navigational links, recententries,advertisements,and
blog rolls. Differentiatingtheblog contentfrom its chaff is
furthercomplicatedby blog hostingservicesusingdifferent
templatesand formats. Additionally, usershost their own
blogs and sometimescustomizeexisting templatesto suit
their needs.

Web pagecleaningtechniqueswork by detectingcom-
monstructuralelementsfrom theHTML DocumentObject
Model (DOM) (Yi & Liu 2003;Yi, Liu, & Li 2003). By
mining for both frequentlyrepeatedpresentationalcompo-
nentsand contentin web pages,a site style tree is con-
structed. This treestructurecanbe usedfor datacleaning
and improved featureweighting. Finding repeatedstruc-
tural componentsrequiressamplingmany web pagesfrom
a domain.Althoughblogsfrom thesamedomaincanshare
similar structuralcomponents,they candiffer dueto blog-
gercustomization.Ourproposedtechniquedoesnot require
samplingandworksindependentlyoneachblog permalink.

Insteadof mining,weusedasimplegeneralheuristic.In-
tuitively extraneouslinks tendto betightly groupedcontain-
ing relatively smallamountsof text. Notethata typicalblog
posthasa complex DOM treewith many parts,only oneof
which is thecontentof interestin mostapplications.

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

After creatingtheDOM treewe traverseit attemptingto
eliminateany extraneouslinks andtheir correspondingan-
chor text, baseduponthe precedingandfollowing tags. A
link a is eliminatedif anotherlink b within a � dist tagdis-
tanceexistssuchthat:

Algorithm 1 Blog postcleaningheuristic
Nodes[]tags = tagsin theorderof thedepth�rst traversal
of theDOM tree
for all i suchthat0 � i � jtagsj do

dist = nearestLinkTag(tags,i );
if dist � � dist then

eliminatetags[i ]
end if

end for

Procedure2 int nearestLinkTag(Nodes[]tags,int pos)
minD ist = jtagsj
textN odes= 0
textLeng th = 0
titl e = false;
for all j suchthatpos� � dist � j � pos+ � dist do

node= tags[j ]
if j = 0jj j = posjj j > (jtagsj � 1) then

continue
end if
if nodeinstanceOfTextN odethen

textNodes++;
textLength+= node.getTextLength();

end if
dist = jpos� j j
if node instanceOfLink N ode&& dist < minD ist
then

minD ist = dist
end if
if nodeinstanceOfT itl eNodethen

titl e = true
end if

end for
ratio = textLeng th / textC ount
if r atio > � av gT ext jj titl e == truethen

returntags:size()
end if
returnminD ist

� No title tags(H1, H2...) exist in a � dist tagwindow of a.

� Averagelengthof thetext bearingnodesbetweena andb
is lessthansomethreshold.

� b is thenearestlink nodeto a.

The averagetext ratio betweenthe links, � av gT ext was
heuristicallysetto 120charactersanda window size,� dist
of 10 tagswaschosen.TheAlgorithm 1 providesa detailed
descriptionof this heuristic.

Next we presenta machinelearningapproachto the link
classi�cationproblem.Fromalargecollectionof blogposts,
arandomsampleof 125postswasselected.A humanevalu-
atorjudgedasubsetof links (approximately400)from these
posts.The links weremanuallytaggedeithercontent-links
or extra-links. Eachlink wasassociatedwith a setof fea-
tures. Table2 summarizesthe main featuresused. Using



ID Features
1 PreviousNode
2 Next Node
3 ParentNode
4 PreviousN Tags
5 Next N Tags
6 SiblingNodes
7 Child Nodes
8 Depthin DOM Tree
9 Charoffsetfrom pagestart
10 links outsidetheblog?
11 Anchortext words
12 PreviousN words
13 Next N words

Table2: Featuresusedfor traininganSVM for classifying
links ascontentlinks andextra links.

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

Table3: Data cleaningwith DOM featureson a training setof
400HTML Links.

this featureset an SVM modelwas trained4 to recognize
links to eliminate. The �rst setof features(1-7) wasbased
on the tag information. The next setof features(8-9) was
basedon position informationand the �nal setof features
(10-13)consistedof word-basedfeatures.Usingfeatures(1-
7) yieldsaprecisionof 79.4%andrecallof 78.39%,usingall
our features(1-13) yields a precisionof 86.25%andrecall
of 94.31%under10-fold crossvalidation.

We comparedthe original baselineheuristicagainsthu-
man evaluators. The averageaccuracy for the baseline
heuristicis about83%with a recallof 87%.

Scoring
To improvethequalityof opinionextractionresults,it is im-
portantto identify the title andcontentof theblog postbe-
causethescoringfunctionsandtheLuceneindexing engine
can not differentiatebetweentext presentin the links and
sidebarsfrom text presentin contentof theblogpost.Thus,
a postwhich hasa link to a recentpost titled `Why I love
my iPod' would beretrievedasanopinionatedposteven if
thepostcontentis aboutsomeothertopic. This observation
leadto thedevelopmentof our �rst scorers.

As shown in �gure 2,anumberof heuristicsareemployed
to scorethe resultsbasedon the likelihoodthat it contains
an opinion aboutthe query terms. Thesescorerswork by
usingbothdocumentlevel andindividualsentencelevel fea-
tures. Someof the scoringheuristicsweresupportedby a
hand-craftedlist of 915 genericpostive and2712negative
sentimentwords.

4http://svmlight.joachims.org/

Thefollowing is a brief descriptionof eachscoringfunc-
tion:

Query Word Proximity Scorer �nds the averagenum-
berof sentimenttermsoccurringin thevicinity of thequery
termsusinga window sizeof 15 wordsbeforeandafter the
queryterms.If thequeryis a phrasalquery, thepresenceof
sentimenttermsaroundthequerywasweightedtwice.

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 usedparametersto specify the window of text
to searchfor sentimentwords(� veand�fteen), andto boost
sentimenttermsaroundphrasequeries(oneandthree).This
resultedin a totalof eightscorers.

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

Lucene RelevanceScore wasusedto �nd how closely
thepostmatchesthequeryterms.

We alsoexperimentedwith otherscoringfunctions,such
asadjectivewordcountscorer. ThisscorerusedanNLP tool
to extract the adjectivesaroundthe queryterms. However,
this tool did not performwell mainly dueto the noisy and
ungrammaticalbsentencespresentin blogs.

Oncethe resultswerescoredby thesescoringmodules,
weusedameta-learningapproachto combinethescoresus-
ing SVMs. Our SVMs weretrainedusinga setof 670sam-
plesof which 238 werepositive (showed a sentiment)and
the rest were negative. Using the polynomial kernelwith
degreegavethebestresultswith precisionof 80%andrecall
of 30%. Themodelwastrainedto predicttheprobabilityof
a documentexpressingopinion. This valuewasthencom-
binedwith theLucenerelevancescoreto produce�nal runs.

Evaluation
The opinion extraction systemprovidesa testbedapplica-
tion for which we evaluatedifferentdatacleaningmethods.
Thereare threecriteria for evaluation: i) improvementsin
opinion extraction task with and without datacleaningii)
performanceevaluationfor splogdetectioniii) performance
of thepostcontentidenti�cation.

SplogDetectionEvaluation
Our automatedsplogdetectiontechniqueidenti�ed 13,542
blogsassplogs. This accountsfor about16% of the iden-
ti�ed homepages.The total numberof splogpermalinksis
543,086or around16%of thecollection,whichis veryclose
to the15.8%explicitly includedby NIST. While theactual
list of splogsarenotavailablefor comparison,thecurrentes-
timateseemto beclose.To preventthepossibilityof splogs
skewing our resultspermalinksassociatedwith splogswere
not indexed.

Given a searchquery, we would like to estimatethe im-
pactsplogshave on searchresultprecision.Figure5 shows
thedistribution of splogsacrossthe50 TRECqueries.The
quantity of splogspresentvariesacrossthe queriessince
splogs are query dependent. For example, the topmost
spammedquerytermswere`cholesterol'and`hybrid cars'.
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Figure5: The numberof splogsin the top x resultsfor 50
TRECqueries.Top splogqueriesinclude“cholesterol”and
“hybrid cars”

Suchqueriesattracta target market, which advertisercan
exploit.

The descriptionof the TREC data(Macdonald& Ounis
2006)providesananalysisof thepostsfrom splogsthatwere
addedto thecollection. Top informative termsinclude`in-
surance',`weight', `credit' and such. Figure 6 shows the
distribution of splogsidenti�ed by our systemacrosssuch
spamterms. In starkcontrastfrom Figure5 thereis a very
highpercentageof splogsin thetop100results.

PostCleaningEvaluation

In BlogVox datacleaningimprovedresultsfor opinion ex-
traction. Figure 7 highlights the signi�cance of identify-
ing andremoving extraneouscontentfrom blog posts. For
50 TREC queries,we fetchedthe �rst 500matchesfrom a
Luceneindex andusedthebaselinedatacleaningheuristic.
Somedocumentswereselectedonly dueto thepresenceof
querytermsin sidebars.Sometimesthesearelinks to recent
postscontainingthe queryterms,but canoften be links to
advertisements,readinglists or link rolls, etc. Reducingthe
impactof sidebaron opinion rank throughlink elimination
or featureweighingcanimprovesearchresults.

Table3 shows the performanceof the baselineheuristic
and the SVM baseddatacleaneron a hand-taggedset of
400links. TheSVM modeloutperformsthebaselineheuris-
tic. Thecurrentdatacleaningapproachworksby makinga
decisionat theindividual HTML taglevel; we arecurrently
workingonautomaticallyidentifyingtheDOM subtreesthat
correspondto thesidebarelements.

Distribution of Splogs that appear in

'spam contexts' indentified in TREC
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Figure6: The numberof splogsin the top x resultsof the
TRECcollectionfor 28 highly spammedqueryterms. Top
splogqueriesinclude'pregnancy', 'insurance','discount'

TrecSubmissions

The coreBlogVox systemproducesresultswith two mea-
sures. The �rst is a relevancescoreranging from 0.0 to
1.0, which is the valuereturnedby the underlyingLucene
querysystem. The secondwasa measureof opinionated-
ness,which was a real numbergreaterthan 0.0. We pro-
ducedthesimnumbersfor eachof therunsfrom aweighted
averageof thetwo numbersafternormalizingthemusingthe
standardZ-normalizationtechnique.

Thebaselinerun wasexectutedon theuncleaneddataset
usingaselectionof whatweanticipatedto bethesevenbest
scorerfeaturesand with an equalweighting for relevance
andopinionatedness.This run wasalsothebestperforming
run amongstour of�cial runs. Runstwo through� ve were
madeon the semi-cleaneddatasetandusinga largersetof
elevenscorerfeatures.After normalizingthe resultscores,
weusedweightsof (1,1),(1,2),(1,3)and(2,1).

Figure8 shows the resultsfrom the TREC submissions
for opinionretrieval. Figure9 showstheresultsfor thetopic
relevance.TheMeanAveragePrecision(MAP) for opinion
retrieval of theoriginal TRECsubmissionswas0.0764and
theR-Precwasaround0.1307.TheMAP for topicrelevance
wasabout0.1288with an R-Precof 0.1805. After inspec-
tion of thecode,it appearedthat this mayhave beendueto
a minor bug in theoriginal codethatwasusedfor theof�-
cial run. Uponcorrectingthis andre-executingtherun, we
found that the MAP for opinion taskwasabout0.128and
for retrieval wasabout0.1928. A �nal run wasperformed
by runningthequeriesagainstan index recreatedby clean-
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Figure8: Meanaverageprecision(for opinion)of originalTRECsubmissionUABas11,updatedrunsandcleanindex runs.
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tle or contentvs. exclusively in thesidebars,for 50 TREC
queries,using500resultsfetchedfrom theLuceneindex.

run opinion topic relevance
map r-prec map r-prec

UABas11 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 theopinionandtopic relevanceper-
formanceof differentruns

ing all thepostsusingheuristicsdescribedin Section. Table
4 summarizesthe resultsobtained. We �nd that cleaning
signi�cantly improvedboth opinion andretrieval scoresof
our system.Figure11 comparestheprecisionrecall curves



Mean Average Precision for Topic Relevance

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

85
1

85
3

85
5

85
7

85
9

86
1

86
3

86
5

86
7

86
9

87
1

87
3

87
5

87
7

87
9

88
1

88
3

88
5

88
7

88
9

89
1

89
3

89
5

89
7

89
9

Topics

P
re

ci
si

o
n

New MAP Median MAP Old MAP Clean MAP

Figure9: MeanaveragePrecision(for topic relevance)of originalTRECsubmissionUABas11,updatedrunsandcleanindex runs.

for thesetheseruns.
Wethink thattheretrievalperformancecouldbeimproved

by usingthe following approaches:useof queryexpansion
modules,applyingrelevancefeedbackandusingthedescrip-
tion andnarrative�elds from theTRECqueriesto 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 retrieved a �x ed
numberof post ids using the index of uncleaneddataand
thencleanedtheresultingposts“on the�y”. A largersetof
eleven heuristicscoringfunctionswasusedfor theseruns.
After cleaningapost,wedid aheuristiccheckto ensurethat
at leastsomeof the querytermsremained.If not, thepost
was discarded.We believe that this ad hoc approachsig-
ni�cantly loweredour precisionscoresfor theseruns due

to at least threereasons.First, the relevancescoreswere
computedby Luceneon the uncleanedpostsandwerenot
accuratefor thecleanedversionssincethetermfrequencies
for boththecollectionandfor eachdocumentwerealtered.
Second,discardingmany of thepostsafter thecleaningre-
ducedthe numberof available results,alreadylow due to
the impendingdeadline.Finally, thecleanedpostswerein
many caseslikely to belessrelevantthat their scoreswould
indicatedueto theremoval of querywords.

Manual inspectionof someof the resultsshowed that
therewerea numberof matchesthat weredueto the pres-
enceof thequerytermsin extraneouslinks. In orderto ver-
ify theeffectivenessof cleaningwe createda new index us-
ing only thecleanedversionsof theposts.We �nd thatus-
ing thiscleanerindex improvednotonly retrieval resultsbut
alsoeffective meanaverageprecisionfor opinion retrieval.
As canbeobservedfrom Figure10, in almostall thecases
themeanaverageprecisionfor therunsoncleaneddataout-
performthoseon uncleandata. Thequeriesfor which data
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Figure10: Differenceof MAP from Medianfor originalTRECsubmissionUABas11,updatedrunsandcleanindex runs.

cleaningmadea signi�cant improvementwere“larry sum-
mers”, “bruce bartlett”, “Fox News Report” and “zyrtec”.
Comparingthesewith Figure7 indicatesthatthesewerealso
queriesthatcontaineda highernumberof matchesthathad
the termsexclusively in thesidebar. On theotherhandfor
querieslike `audi', `oprah' and`colbertreport' thecleaned
runshada lower precisionpossiblydueto thestrict thresh-
oldsfor cleaning.

Conclusion
We developedthe BlogVox systemas an opinion retrieval
systemfor blogpostsaspartof the2006TRECBlog Track.
This task requiresprocessingan ad hoc queriesrepresent-
ing topicsandretrieving poststhatexpressanopinionabout
them. Our initial experimentswith theblog postcollection
revealedtwo problems:thepresenceof spamblogsandthe
largeamountsof extra,non-contenttext in eachposts.

We identi�ed postsfrom spamblogs using a machine-
learningbasedapproachandeliminatedthemfrom thecol-

lection. The remainingpostswere“cleaned”beforebeing
indexedto eliminateextraneoustext associatedwith naviga-
tion links,blog-rolls,link-rolls, advertisementsandsidebars.
After retrieving postsrelevant to a topic query, the system
appliesa setof scoringmodulesto eachproducinga vector
of featuresestimatingthelikelihoodthatapostexpressesan
opinionaboutthetopic. ThesearecombinedusinganSVM-
basedsystemandintegratedwith theoverallrelevancy score
to ranktheresults.

Our evaluationof the BlogVox resultsshowed that both
splogeliminationandpostcleaningsigni�cantly increased
theperformanceof thesystem.Theoverall performanceas
measuredby the meanaverage precisionand R-precision
scoresshowed that the systemworked well on mostof the
�fty test queries. We believe that the systemcan be im-
provedby increasingtheaccuracy of thepost-cleaningand
re�ning theopinionscorers.
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UABas11,updatedrunsandcleanindex runs.
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