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ABSTRACT
Weproposenew featuresandalgorithmsfor automatingWeb-page
classi�cationtaskssuchascontentrecommendationandadblock-
ing. We show that the automatedclassi�cationof Web pagescan
bemuchimprovedif, insteadof lookingat their textualcontent,we
considereachlinks's URL andthevisualplacementof thoselinks
on a referringpage.Thesefeaturesareunusual:ratherthanbeing
scalarmeasurementslike word countsthey are tree structured—
describingthepositionof the item in a tree. We develop a model
andalgorithmfor machinelearningusingsuchtree-structuredfea-
tures.Weapplyourmethodsin automatedtoolsfor recognizingand
blockingWebadvertisementsandfor recommending“interesting”
news storiesto a reader. Experimentsshow thatour algorithmsare
both fasterandmoreaccuratethanthosebasedon thetext content
of Webdocuments.
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GeneralTerms
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Keywords
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1. INTRODUCTION
We proposenew featuresandalgorithmsfor usein automated

Web classi�cation tasks,suchascontentrecommendationandad
blocking,thathelpuserscopewith themassof informationon the
Web. An obvious approachto suchclassi�cation tasksis to use
the extensively available library of text and image classi�cation
tools.But in thispaper, wearguethattwo featuresparticularto web
documents—theirURLs, andtheplacementof links to themon a
referringpage—canbeusedevenmoreeffectively for suchclassi-
�cation tasks.We pursuethe intuition that contentproviderstend
to chooseURLs and pagelayoutsthat coherentlystructuretheir
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Figure 1: Screen-shotsfr om an original CNN page(left) and
the samepageviewedthr oughthe Daily You (right). Notice the
Daily You's version removes the advertisements,someof the
navigation boxes,and alsowrites the word “pick” (emphasized
in pictur e)near recommendednewsarticles.

contentaccordingto topic,andthatsuchtopicalstructuringcanbe
exploitedin classi�cationtasks.For example,evenwith no under-
standingof thetext of a newspaper, onemight guessrelationships
betweenarticlesbasedonvisualgroupingsalone(for instance,that
articlesunderthesameheadingareall aboutthesametopicor were
of similar importance).Thegoalof this paperis to formalizesuch
intuitionsinto ageneralwayof algorithmicallypredictingtheprop-
ertiesof thetargetsof unvisitedlinks.

Two key stepsin classi�cationareto selectthesetof featuresthat
will beexaminedandthedecisionrule thatwill beappliedto clas-
sify basedonthosefeatures.In many ad-blockingapplications1, the
featuresinclude,for example,the dimensionsof the imagebeing
consideredandthe decisionrules(“an ad is an image250by 100
pixels”) are laboriouslyhand-coded.A big disadvantageof such
anapproachis theneedfor humaneffort to createtherulesandto
write new onesasadvertisementsevolve. To �x this, systemssuch
asAdEaterattemptto applymachine learning, automaticallygen-
eratingclassi�cation rulesby examininga setof labeledtraining
examples[13]. In recommendationsystems,sincedifferentdeci-
sionsruleswork for eachuser, machinelearningis almostalways
used.Typically, theWeb is treatedasa large text corpus:thenu-
merousfeaturesusedarethewordsin thedocuments,andstandard
machinelearningalgorithmssuchasNaiveBayesor supportvector
machinesareapplied[2].

TheWebismorethanjusttext, however: it containsrich,human-
orientedstructuresuitablefor learning.In thispaper, we arguethat

1for instance,http://webwasher.com



two featuresparticularto Web documents,URLs and the visual
placementof links on a page,canbe of greatvalue in document
classi�cation. We show thatmachine-learningclassi�ersbasedon
thesefeaturescanbesimultaneouslymoreef�cient andmoreaccu-
ratethanthosebasedon thedocumenttext.

Our motivatingexamplefor theseclassi�cationproblemsis The
Daily You, a tool providing personalizednews recommendations
from theWeb2. TheDaily YouusesURLsandtablelayoutto solve
two importantclassi�cationproblems:theblockingof Webadver-
tisementsandthepageregionsandoutboundhyper-links predicted
to be“interesting”to its user(seeFigure1).

TheDaily You's framework is typicalof machinelearningappli-
cations:given a numberof training examples(documentslabeled
asadvertisements,or asinterestingto theuser),TheDaily You at-
temptsto make predictionsaboutnew, unseenitems. Intuitively, a
goodpredictionstrategy is to �nd trainingexamplesthatare“simi-
lar” to thenew item,andpredictthatthenew examplehasthesame
classasthosesimilar trainingexamples.

In typical text classi�cationapplications,similarity is measured
by word overlap—documentsarethe sameto the extent that they
incorporatesimilar words (or phrases). In this paper, we take a
differentapproachto similarity thatstressestherelative positionof
itemsin a tree:

� Onmany Websites,pageURLsareorganizedin a hierarchy
accordingto subject.For example,this year's articlesabout
spaceon theCNN Websitehave a URL pre�xedby
cnn.com/2003/tech/space,whichcanbeinterpretedasplace-
mentin the“space”subtreeof the“tech” subtreeof thecnn
tree. On the naturalassumptionthat a useris typically in-
terestedin certainsubjectsbut not others,the locationof an
article in theURL treeis suggestive of theuser's interestin
it. Similarly, on many Web sitesadvertisementsoften bear
links pointingbackto a single“ad” subdirectoryof thesite.
Indeed,commercialtoolssuchasWebWasherlet usersman-
ually specifycertainURL “pre�x es”asindicatorsof adsthat
shouldbeblocked.

� We �nd that Web-sitesoften basethe visual layout of their
index pagesonasubjecttaxonomy. This layoutis oftenhier-
archicalandre�ected in a recursive tablelayout thatcanbe
detectedin the(hierarchical)parsetreeof theHTML docu-
ment. For example,the CNN Web-sitefront pageoffers a
“table of contents”partitioningits storiesundera numberof
labelssuchas“U.S.,” “World,” “Travel”, and“Education.”
Theseplacementsrepresentsubjectclassi�cationsthat may
well be strongindicatorsof “interestingness”for a reader.
Similarly, advertisementsoftenhave a speci�c placementin
thepagelayout.

Thesetwo examplessuggestthepossibilityof classifyinga docu-
mentbasedon its positionin somepreexisting taxonomy(theclass
labelitself is notpartof thetaxonomy).

Most classi�cationalgorithmsdealprimarily with featuresthat
have beenreducedto numbers,suchasthenumberof occurrences
of the word “apple” in a documentor the lengthandwidth of an
image. To insteadimplementthe ideaof classi�cationusingsuch
tree-basedfeatures,we needto solve several problems.First, we
needto develop a classi�cationmodel that allows us to train and
make predictionsusing the tree-basedfeature. Second,we need
to show how classi�cation using that modelcanbe implemented
ef�ciently .

2publicly accessibleat http://daily-you.csail.mit.edu

To designa model,we usethe treeasa Bayesnet uponwhich
weimposea“mutation” model—nodesin thetreeareusuallyof the
sameclassastheirparents,but havesomeprobabilityof �ipping to
adifferentclass.Todesignalgorithms,weadaptBayes-netlearning
methodsto our applicationdomain.Conveniently, theseBayes-net
algorithmscanbemadeincremental,suchthataddingnew exam-
plesandqueryingfor thelikely classof new items(basedon their
positionin thetree)is very fast.

We then describeour algorithm's applicationto news recom-
mendationandad-blockingproblems,andsummarizeexperimen-
tal datashowing thatourapproachworkswell. On thead-blocking
front, we show thatour ad-blockingalgorithm,trainedwithouthu-
maninput (usinga simpleheuristicfor identifying ads)is ableto
learn to block adswith ef�cacy matchingthat of a commercial,
hand-codedclassi�er with numeroushuman-derived classi�cation
rules.On thenews recommendationfront, we reporttheresultsof
a studyinvolving 176users;our tree-basedclassi�er requiredfew
trainingexamplesandsigni�cantly outperformeda state-of-the-art
classi�er (thesupportvectormachine)in termsof bothspeedand
accuracy appliedto eithertraditionalor tree-structuredfeatures.

Besidesits advantagesin learningef�ciency andaccuracy, our
approachhasoneotherimportantbene�t speci�c to theWeb. Un-
like text-basedclassi�ers,whichmustfetchthecontentof thepage
being classi�ed, our classi�ers do their work by looking at the
pointer to thepage,andneednot fetchthepageitself at all. Thus,
our tree-basedclassi�ers requireordersof magnitudelessband-
width thantraditionaltext basedclassi�ers for the sameproblem.
Undercurrentnetworkconditions,thistranslatesintoasigni�cantly
fastersystem.

1.1 RelatedWork
Somerelatedwork hasbeendoneon prioritizing the spidering

for topic-relevant search. Rennieand McCallum [18] usedrein-
forcementlearningto mapthetext surroundingalink to rankpages
for spidering.SearchenginessuchasGoogle[5] arealsosaidto use
anchortext in links pointing to a pagein orderto decidewhether
that pageis relevant to a query. Chakrabarti,et al. [7] built upon
thatwork, creatinga morerobustsetof featuresby parsingout the
structureof theHTML, aswedo. However, they chooseto treatan
HTML documentasa linearsequenceof (textual) tokens,andem-
phasizethe ideaof learningan appropriately-sizedand-weighted
“window” aroundthe link thatshouldbeusedto classifythe link.
Chakrabarti,et al. alsoproposeto usethetextual contentof there-
ferringpageto predictclassesof thereferringpage, andtousethose
predictedclassesto make predictionsaboutlinks on thatpage.All
this work sharesour ideaof usingextrinsic featuresto evaluatethe
classof anunseendocument,but doesnot fully take advantageof
treestructuresaswe do.

Treesin the form of taxonomiesplay a large role in machine
learning; however, suchtaxonomiesare generallythe target out-
put ratherthan a useful input, as in our work. Many classi�ca-
tion algorithmsattemptto usetraditional features(suchas word
counts)to createtaxonomiesover thedocuments,or to insertnew
documentsinto a preexisting taxonomyof old documents[15, 12].
Work whichaimsto usetreepositionasafeaturefor learningother
classi�cationsseemsmuch lesscommon. Haussler[9] is, to our
knowledge,the�rst to proposeusingpositionin a preexisting tree
as a featurefor classi�cation. The model he proposedis more
speci�c than ours, requiring that the conceptto be learnedform
a conjunctionof subtrees.Amongotherdifferenceswith ourwork,
Haussler's modeldoesnot captureclassesthatarecomplementsof
subtrees.In our terminology, Haussler's work only allows for for-
wardmutations,but doesnot allow for backwardmutations(more



onthisdiscussedbelow). Agrawal andSrikant[1] haveamodelfor
combiningcatalogsof documentsthatlive in differenttaxonomies.
Their modelis simplein that it assumesthat the taxonomyhasno
internalnodes(for morecomplex taxonomies,they discardall the
internalnodes,connectingtheroot directly to theleaves).This al-
lows for theuseof a simpleralgorithm(naive Bayes)but discards
rich informationaboutthe �ner -grainedrelationshipsbetweenthe
leaves.

Anothertypeof relatedwork is wrapperinduction[14]. In wrap-
perinduction,thegoalis to identify thepartof aWebpagecontain-
ing a speci�c pieceof information. An examplegoalwould be to
�nd a speci�c pattern,like a stock's quoteon some�nancial Web
page,dayafterday. Wrapperinductionoftenusesformattinginfor-
mationto identify theright partsof apage,but we arenotawareof
any thatusesURL structure.Onecouldview our work astrying to
learnthewrappersthatcontainsthingsthatinteresta givenuser.

Ourapplicationresemblesthatof otherprominentWebnewsser-
vices.Mostexistingwork only operatesonpre-setsites,while ours
allowstheusersto specifyarbitrarytargetsites.Thelargecommer-
cial servicesaggregatepagestogether(http://my.yahoo.com ),
but requirepre-setsites (which presumablyhave beenmanually
con�gured to feed speci�c storiesto Yahoo!) and do not make
user-speci�c recommendations.Someresearchapplicationslike
NewsDude[4] domakesuchrecommendations,but only from pre-
set news sources. NewsDudespeci�cally usestext-basedclassi-
�ers both to selectgoodarticlesandto remove articlesthat seem
overly redundantwith alreadyseenarticles. An earlierattemptat
user-pro�ling [17] alsousedaBayesiantext modelto predictinter-
estingWebpages.Newsblaster[3] anda similar serviceat Google
(http://news.google.com ) scanmultiplepre-setsitesandsum-
marizesimilararticles.Newsblasterusescomplex naturallanguage
parsingroutinesto combinearticlesfrom multiple sitesinto one
summaryarticle.

Other Web applicationsallow the user to selecttheir own set
of news sources,like the Montagesystem[2]. Ratherthan fo-
cusingon new information,Montageis more like an “automated
book-marksbuilder.” It watchesthe user to identify pagesthey
visit frequently, andcreatescollectionsof links thatlet theuserget
to thosepagesmorequickly. It usestraditionaltext-classi�cation
algorithms(SVMs) to breakthesebookmarksinto coherenttopic
categories.In contrast,our systemaimsto recommendWebpages
thatarenew but thatwe believe will beinterestingto theuser.

2. URL AND TABLE FEATURES
In this sectionwe discussin greaterdetail two tree-structured

featuresthatareparticularlyrelevant to certainWeb classi�cation
tasks.

2.1 URL tr ees
The World Wide Web Consortiumarguesthat documentURLs

shouldbeopaque(http://www.w3.org/Axioms.html#opaque ).
On this Web page,Tim Berners-Leewrites his axiom of opaque
URIs: “... you shouldnot look at thecontentsof theURI stringto
gainotherinformation...”.

In contrastto thosestyleguidelines,mostURLs nowadayshave
human-orientedmeaningsthatareusefulfor recommendationprob-
lems. Indeed,the guideline's URL containsemanticsincluding
authorship(w3.org), that the pageis written in HTML, and that
the topic relatesto an “Axiom aboutOpaqueness.” As the docu-
ment's URL demonstrates(somewhat ironically), URLs aremore
thansimply pointers:authorsandeditorsassignimportantmean-
ings to URLs. They do this to make internalorganizationsimpler
(authorshiprights,�le permissions,self-categorization),andsome-

times to make that organizationschemeclear to readers. Read-
ersoftenmake inferencesfrom URLs,which is why browsersand
searchenginesusuallydisplayURLsalongwith thetext description
of a link. Wecaninfer from aURL thatadocumentservesapartic-
ular function(a speci�c Webdirectorymight alwaysserve ads);or
relatesto a topic (`business'storiesmight beunderonedirectory);
or hasa certainauthorship.Or, we mightdeleteasuf�x of anURL
in anattemptto move to a more“general”pagestill relatedto our
startingpoint. In short,similar documents(asde�ned by thesite's
authors)often resideundersimilar URLs. A goodURL structure
provideshelpful contextual cluesfor thereader.

URLs areextremelygoodfeaturesfor learning. First, they are
easyto extractandrelatively stable.EachURL mapsuniquelyto a
document,andany fetchabledocumentmusthave a URL. In con-
trast,otherWebfeatureslike anchortext, alt tags,andimagesizes,
areoptionalandnot uniqueto a document.Of course,URLs can
be obfuscated,hiddenor changedin automatedfashion;but such
changessimultaneouslymake it dif�cult for usersandsearchen-
ginesto �nd andreturnto information.Second,URLs canberead
without downloadingthe target document,which lets us perform
classi�cationmorequickly. This is a necessaryconditionfor real-
timeclassi�cationtaskslikead-blocking.Third,aswearguebelow,
URLs have an intuitive andsimplemappingto certainclassi�ca-
tion problems.For example,wegiveempiricalevidencein Section
4 that the URL is highly correlatedwith whethera link is an ad-
vertisementor not. Most advertisementclicks aretrackedthrough
a smallnumberof programs;theseprogramsareusuallycontained
in subtreesof theURL tree,like http://doubleclick.net
or http://nytimes.com/adx/... .

To convert a URL into a tree-shape,we tokenizedthe URL by
thecharacters/ , ? and&. The/ is astandarddelimiterfor directo-
riesthatwascontinuedinto Webdirectories;? and& arestandard
delimitersfor passingvariablesinto a script. The left-most item
(http: ) becomestheroot nodeof the tree. Successive tokensin
theURL (i.e. nytimes.com ) becomethechildrenof theprevi-
oustoken. Notethatour constructionguaranteeswe endup with a
tree,even if the web site itself is not treeshaped(two pagesmay
point to thesameURL, but it is theURL itself thatde�nesthetree
location).

2.2 HTML TableTrees
Similarly, the visual layout of a pageis typically organizedto

help a userunderstandhow to usea site. This layout tendsto be
templated—mostpageswill retaina`lookandfeel' eventhoughthe
underlyingcontentmight bedynamic.For example,differentarti-
cleson oneparticulartopic might appearin thesameplaceon the
pagedayafterday. Thepagelayoutis usuallycontrolledby HTML
tabletags,correspondingto rectangulargroupingsof text, images
and links. Often, one table along the side or top of a pagewill
containmuchof thesite's navigation. Thecontentof a sitemight
usetablesto group togetherarticlesby importance(the headline
news sectionof a news-magazine),by subject,or chronologically
(newestitemstypically at thetop). Like theURL, this pagelayout
canbeusedto eliminatecertaincontent(suchasthebannersat the
top of thepage);or to focuson othercontent(theheadlines,or the
sportssection). Like the URL feature,tablesmake goodfeatures
for machinelearning. For a pageto displayproperlyin browsers,
the tagshave to obey a standardizedHTML grammar;this also
makesthetablefeatureeasyto extract. In thenext section,wegive
theexampleof a ChineseWebsite thatmight beunderstoodeven
barringunderstandingthespeci�csof thecontenton thesite.

To convert theHTML tablestructureinto a tree-shape,we used
a hand-writtenPerl programthat extractedthe HTML table tags



<HTML> …
<Table…></Table>
<Table…>

<Td><Table>…
<a href=…>
<a href=…>
<a href=…>
<a href=…>

</Table></Td>
….
<Td><Table>…

<a href=…>
<a href=…>

</table></td>
…
</HTML>
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B-1
B-2

…

B-1 B-2

A-1

A-1

A

…

…

B-1 B-2A-1

A

…

A

B-1

B-1

B-2

Figure 2: Shown is an abstraction of Web problem to the do-
main of “tr eelearning.” The top-left shows the original Web-
site. The top-right shows that visual portions of the pageare
collectedin chunks of HTML, which are indented to show the
HTML 's tr eestructur e. The bottom left shows the abstracted
tr ee,receiving a partial labeling of the page:white (“advertise-
ment”), black (“content”) and gray (“unkno wn”) nodes. The
bottom right shows one potential generalization of the tr ee
which suggestseverything in box A is an advertisement.

(<table> and<td> ). The root of the tree is the entirepage's
HTML. The children of a nodeare the next lower level of table
elements.

Notethatwhile thesamestorymight beheadlinedin morethan
oneplaceonthepage(e.g.,anarticlemightappearin both“world”
and“education”),for thepurposeof this paper, we treatthosetwo
appearancesastwo separateleaveson thetaxonomy.

3. LEARNING MODEL
In thissection,weoutlineour learningmodelandalgorithm.We

classify using a generative model. We de�ne a processthat en-
forcesour ideasaboutcorrelation: items nearbyin the (URL or
layout) treeusuallyhave thesameclass.Our trainingdatatells us
theclassesof someof the items,andour modelsuggestsotherar-
easof thetreethatmight besimilar. More precisely, we modelour
learningproblemusinga Bayesnet, andapply fastalgorithmsto
performclassi�cation on that Bayesnet. In the next section,we
give a short intuitive descriptionof the typesof relationshipsour
algorithmandmodelmight �nd.

3.1 Intuition Behind Model
SupposesomeonewasgivenaWebpage,like theonefeaturedat

thetop left of Figure2, andaskedto recommenda link to a friend.
Supposethe recommendercould not readany Chinese,hadnever
visitedtheparticularsite3, andgenerallycouldnot decipherany of
the contentsof thepage.Given that the friend liked the article in
B-1, onemight reasonablyrecommendtheadjacentarticle in B-2.

3http://dailynews.sina.com

Without knowing any speci�cs of theWebpage,mostpeoplecan
make goodguessesaboutsomeof its semanticattributes.

Figure2 alsoshows how a computeralgorithmmight re�ect the
earlier-statedintuition thatitemsvisuallyclusteredmighthavesim-
ilar properties.For example,if onepersonmentionedthat the top
link in boxA wasanadvertisement,it mightbereasonableto guess
thateverythingin box A wasanadvertisementtoo. Similarly, if a
personexpressedinterestin B-1, a naturalrecommendationmight
beB-2.

The upperright-handsideof Figure2 displayssnippetsof the
HTML thatdescribesthesite; variousvisually distinctareasfrom
the Web pageareencodedinto continuousblocksof HTML. The
HTML formsa tree,shown by indentations.Thattreeis abstracted
onthebottomleft. SupposesomeonelabelsthatnodeA-1 is anad-
vertisement(white),while nodeB-1 is content(black).Thetreeon
the bottomright shows a potentialgeneralizationof that informa-
tion in which everythingin box A is consideredanadvertisement.
The work describedheretries to formalize and build algorithms
thatautomaticallymake generalizationslike these.

3.2 The GenerativeModel
Our goal is to createa generative modelin which nearbyitems

tendto have thesameclass.Moreformally, wede�ne aprobability
distribution over thepossibleclassesof itemsin the tree. We aim
for the probability distribution to re�ect our intuition that nearby
itemsusuallyhave the sameclass. To accomplishthis, we usea
Bayesnetover the treeholding the itemsto beclassi�ed. Our as-
sumptionthat theclassto be learnedis correlatedto the treeposi-
tion is capturedin a modelbasedon mutations. We considerthe
treeholding the items we wish to classify. The actualitems are
usuallyleavesin this tree,but we extendour modelto assumethat
the internalnodes,which may or may not representactualitems,
alsohave “hidden” classes.Somechildrenof internalnodesmay
“mutate” into differentclasses.We begin by assigningsomeclass
at the tree's root. We thenwork our way down the tree,declaring
thateachnodeis probablyof thesameclassasits parentbut hasa
smallchanceof beingof theotherclass.

Formally, we considertwo classes0 and1, andspecifya for-
ward mutationprobability � anda backward mutationprobability
� (conversely, with probabilities1 � � and1 � � , respectively, no
changeoccurs).We declarethattheclassof a nodefollows proba-
bilistically from theclassof its parent.Supposenodex hasparent
y in the tree. Let Nx andNy denotetheclassesof nodesx andy
respectively. Then

Pr[Nx = 1 j Ny = 0] = � and

Pr[Nx = 0 j Ny = 1] = �:

Applying this rule downward from the root providesa generative
modelof classassignmentsto nodesin the tree. Given the root's
class,we can�ip coinsaccordingto the formulasabove to deter-
minethechildren's classes;giventhesewecangeneratethegrand-
children's classes,andsoon.

To initiate theprocesswemustchoosea valuefor theroot class.
In thecaseof ad-blockingit mightbenaturalto arguethattheroot
of a websiteis surelynot anad.As this is a generalmodel,weare
certainlyableto choosea prior biasedtowardoneclassor another.
However, if we wish to minimizethenumberof freeparametersto
only � and� , wecandeclaretherootclassto beafunctionof those
alreadyexistingparameters.For therootnoder , we declarethat

Pr[N r = 0] = �= (� + � )



This formulais useful:if x is a child of theroot, then

Pr[Nx = 0] = Pr[Nx = 0 j N r = 0] Pr[N r = 0]+

Pr[Nx = 0 j N r = 1] Pr[N r = 1]

=(1 � � )
�

� + �
+ �

�
� + �

=
�

� + �
:

In otherwords,with this rootprobability, all nodesin thetreehave
the sameprobabilityof beingclass0, prior to labelingany of the
leaves.Later, aswelabeltheleaves,theseprobabilitieswill change
(seethenext sub-section).

If � and� aresmall, our modelassertsthat a nodeis likely to
have thesameclassasits parent,andthuslikely to have thesame
classasits siblingsandothernearbynodesin thetree.As themu-
tationprobabilitiesincrease,thecorrelationbetweennearbynodes
in thetreedecreases.We usuallyconstrain� and� to belessthan
:5, which indicatesthe probability of a mutationis lessthan the
probabilityof a non-mutation.

To summarizethestepsin creatinga Bayesnetout of thegiven
hierarchy:

� setconditionalprobabilitiesfor all edgesin thetree:for node
x with parenty,
pr [Nx = 1 j Ny = 0] = �
pr [Nx = 0 j Ny = 1] = �

� settherootprior: p[N0 = 1] = � =(� + � )

Next, we discusshow theprobabilitiesin the treechangewhen
leavesarelabeled.

3.3 The Learning Algorithm
With this model, in the absenceof any evidence,we make the

samepredictionabouteverynodex: thatit hasprobabilityPr [N x =
0] = �= (� + � ) of beingin class0. Thingsbecomemoreinterest-
ing whenwe aregiven someevidence. Supposethat thereis a set
of (leaf)nodesE whoseclassesareknown. Thiswill in�uence our
predictionsaboutothernodes:in particular, we want to compute
the Pr[Nx = 0 j E ] that nodex hasclass0 conditionedon the
evidenceE . We canexpandthis conditionalprobabilityas

Pr[Nx = 0 andE ]
Pr[E ]

:

Notethatboththenumeratoranddenominatoraresimply theprob-
ability of someset of nodes(E in the denominator, N x [ E in
thenumerator)gettingcertainlabels.Soif we cancomputesucha
quantityfor generalevidence,we cancomputethe desiredcondi-
tionalprobability. We focuson thecomputationof Pr[E ].

We usea standardBayes-netinferencealgorithm. Supposethat
theroot r hastwo childrenx andy, andlet E x andEy denotethe
labeledleaf nodesin the x andy subtrees,respectively. Because
of our generative model,given the classof the root r , the classes
of nodesin the two subtreesareindependentof oneanother, and
their probabilitiescanbemultiplied. That is, Pr[E j N r = 0] =
Pr[Ex j r = 0] � Pr[Ey j r = 0], and similarly for the case
N r = 1. But recallthatto generatetheclassesin x'ssubtreegiven
thatN r = 0, our �rst stepis to pick a randomclassfor x, andthen
assignclassesto itemsbelow x basedon theclassof x. Formally,

we �nd that

Pr[Ex j N r = 0] = Pr[Ex j Nx = 0]Pr [Nx = 0 j N r = 0]

+ Pr[Ex j Nx = 1] Pr[Nx = 1 j N r = 0]

= (1 � � ) Pr [E x j Nx = 0] + � Pr [E x j Nx = 1]

More generally, let uswrite px 0 = Pr[Ex j Nx = 0] andpx 1 =
Pr[Ex j Nx = 1] (note that thesetwo quantitiesneednot sum
to 1). Our analysisabove, generalizedto an arbitrarynumberof
children,saysthatfor any nodex,

px 0 =
Y

y 2 children( x )

((1 � � )py 0 + � py 1)

px 1 =
Y

y 2 children( x )

(�p y 0 + (1 � � )py 1)

Technically, theproductoverchildrenis actuallylimited to children
whosesubtreescontainnodesfrom E .

Theabove algorithmcancompute,working up from the leaves,
two quantitiespx 0 andpx 1 at eachnodex in the tree. At theend
of therecursionwehave pr 0 andpr 1 andtheroot. At thispointwe
cancompute

Pr[E ] = pr 0 Pr[N r = 0] + pr 1 Pr[N r = 1]

= pr 0
�

� + �
+ pr 1

�
� + �

During the computation,eachnodewas“inspected”a constant
numberof times(to producevaluesfor its uniqueparent),so the
entirecomputationtakestime linearin thesizeof thetree.As dis-
cussedabove,wecanrunthecomputationoncefor thetrainingdata
E , andoncefor theextendeddataE [ f N x g, in orderto compute
Pr[Nx j E ].

It wouldbeunfortunateif wehadto runalineartime(in thetotal
numberof nodes)computationto classifyeachnew candidateitem,
but fortunatelywe cando muchbetter. Noticethatwhena labeled
item x is addedto E , it only in�uences the probabilitiespy 0 and
py 1 for nodesy thatareancestorsof thenew nodex (this follows
by induction sincea node's valuesdependonly on its children's
values).Thus,if we computeandstorethequantitiespy 0 andpy 1

for all nodesy in the initial classi�ed training set, thenthe com-
putationof Pr [E [ f N x g] (andfrom it Pr[Nx j E ]) canbedone
by walking up thetreefrom x. This takestime proportionalto the
depthof x, which is effectively constantin our applications(few
URLs or tablestructureshave depthexceeding10). Somesmall
careneedsto beappliedto maintainthisconstanttimeboundwhen
nodeshave largenumbersof children,but it canbedone[20].

In summary, with linearstoragespace,we canhold a datastruc-
turefor thetrainingdataE thatletsus

� computePr[Nx j E ] for any querynodex, or

� adda new labelednodex to thetrainingsetE

in timeproportionalto thedepthof thetree,which is in effect con-
stantfor mosttrees.Notethatin fact,weneedonlystoreparameters
for nodesthatareancestorsof anevidencenode(therestof thetree
canbecreatedon the�y asneeded).

4. AD­BLOCKING
Wenow consideranapplicationof our techniqueto adblocking.

We show how a learnerbasedon treefeaturescanmatchthe per-
formanceof a commercial,hand-codedad-blocker. Intriguingly,



our learnerrequiresno humantraining—instead,it generatesits
own training datausinga slow but simpleheuristicbasedon link
redirection.

Ad-blockingisadif�cult problembecauseadvertisementschange
over time, in responseto new advertising campaignsor new ad-
blocking technology. This makesit quiteburdensometo maintain
an ad-blocker basedon hand-codedrules: when new advertise-
mentsarrive, a static ad-blocker's performancesuffers; typically
engineersmustcodeanew setof rules,andusersmustperiodically
downloadthoserules.

As we have mentioned,our approachis to have the computer
learnsetsof rules; suchan approachmeanslesswork for the en-
gineersandfewer rule updatesfor the users. A typical approach
wouldbefor engineersto labelsomesmallsetof trainingexamples,
andhavetheclassi�er learnaclassi�cationrulebasedonthem.An
exampleof this training-basedapproachis AdEater[13]. AdEater
got a 97% accuracy (the only metric reported)on their ad block-
ing experiments,thoughit requires3,300handlabeledimagesto
achieve that accuracy. AdEateruseshumansto performthe rela-
tively simple task of labeling imagesas adsor not; the machine
learningtakesonthemoredif�cult taskof discoveringrules.How-
ever, AdEatersuffers in the sameway thatmostad-blockingpro-
gramsdo: it takesconsiderablehumaneffort andtime to produce
anupdate;henceits accuracy decreasesasnew adformssurface.

Of course,handlabeling large numbersof imagesis also time
consuming.So we actuallygo onestepfurther, usingno human
training at all. In order to avoid humantraining, we usea slow,
but reasonablyaccurate,heuristic to label links on a pageas ei-
theradvertisementsor not (of course,AdEatercouldhave usedthe
sametrainingmethodology).Insteadof usinghigh-qualityhuman
data,we usea heuristiccalledRedirect. Redirectlabelsa link as
an ad if fetchingthe link yields a redirectionto anothersite. The
redirectheuristicmakessensebecauseit capturesthenormalpro-
cessthatadvertisersuse: trackingtheclick, thensendingtheuser
to theadvertisedsite. Noticethatthis is muchmoreof a “content”
basedheuristicthanimagesizeswhich are“form” heuristics;ads
cantakeany shapeandsize,but mostcurrentadvertisementsincor-
poratesometypeof trackingmechanism.

As we shall see,the Redirectrule is aboutasaccurateasWeb-
Washerat identifying ads.But thereis a big barrierto usingRedi-
rectitself asanadblocker: to decidewhetherto blockanad,Redi-
rect must fetch it �rst. This generatesa signi�cant overheadin
additionalconnectionsanddownloads—onewhich in today's net-
work environmentmakestheRedirectheuristictoo slow to usein
real time adblocking. However, we will show thatour tree-based
learnercanpredicta redirectwithout actuallytrying it—this gives
us an approximationto the redirectheuristicthat can be usedfor
real-timeadblocking.

In practice,click-throughtrackingrequiresback-endinfrastruc-
ture like databasesandCGI scripts. Therefore,adstendto be lo-
catedtogetherundera small numberof URL directoriesper site
(i.e.,underxyz.com/adserver). It is rarefor asiteto haveadvertise-
mentsandcontentin thesameleavesof theURL tree. Therefore,
weuseourtreelearningalgorithmsto associateexistingURLswith
an `ad' or `not ad' label provided by the Redirectheuristic. As a
new pageis loaded,thelearningmodelpredictswhethernew URLs
are`ads' or `not.' A big advantageof theredirectheuristicis that
trainingexamplescanbeprovidedautomaticallyby anoff-line al-
gorithm that, whenthe useris doing other things,visits sitesand
takes the time to checkand follow redirects. In otherwords,we
cantrainwithoutany humaninput.

4.1 Ad­blocking Framework
In orderto label theadvertisementson a given page,we down-

loadedthepageandsavedtheHTML into acached�le. Thecached
�le wasnecessarysothateveryalgorithmwouldbeviewing exactly
thesameWebpage.Wewentthroughthecached�le locatinglinks
on thepage.We useda Perlexpressionto �nd all links on a page,
with a regular expressionthat matched<a href= ... /a> .
Thiscorrespondsto astandardHTML de�nition of links onpages.

Fromthelist of links wefoundonthecachedpage,weonly used
links thatcontainedimages.This is because,at thetime of our ex-
periments,thecommercialad-blocker (WebWasher)only blocked
image-basedadvertisements.To detectimagesembeddedwithin
links, we only took the subsetof links whoseanchorscontained
thetext <img , which is astandardHTML de�nition for displaying
images.For a givenpage,we call this subsetof thelinks on a page
image-links.

Given this list of image-links,we usedfour systemsto label
whethera link containedan advertisementor not. The four sys-
temsarelistedbelow:

� WebWasher is a commercialproductwith handwrittenrules
that usesmany featureslike the dimensionsof the ad, the URL
and the text within an image. It is in useby four million users.
WebWashercanbe downloadedfree for educationalandpersonal
use4. We usedtheWebWasherLinux version,which wasinstalled
asaproxy. TheWebWasherproxyreadsin therequestedWebpage,
erasesthe advertisements,then forward the modi�ed pageto the
Webclient.

In order to have WebWasherlabel a page,we ran our cached
�le throughthe WebWasherapplication. Webwasherremoved all
the image-basedlinks it deemedadvertisements. Any link that
was in our original list of image-linksbut wasnot presentin the
WebWasher-processedpagewasdeemedan advertisementby the
WebWashermethod.

� Redirect is the simple heuristicmentionedabove that moni-
torsthird-partyredirects.As we mentioned,it is a somewhatnoisy
heuristic,meaningits accuracy is lessthanhumans';but it canrun
in the backgroundwithout humaninput. Redirectuseda small
amountof Perl code,alongwith the lynx program5 to checkfor
redirectsthatwentto top-level domainsdifferentfrom theoriginat-
ing page.

� Learn-WWis our tree-basedURL algorithm,trainedon Web-
Washer's output. TheURL providedthetree-structureasdiscussed
in Section2.1, andWebWasherprovided the labelingfor the leaf
nodes.

� Learn-RDis our tree-basedURL algorithm,trainedon Redi-
rect. The methodfor training Learn-RD is identical to that of
Learn-WW, exceptthat theRD (third-partyredirect)heuristicwas
usedin placeof WebWasherto labeltheleafnodes.

As we have mentionedbefore,RD aloneis a goodheuristic,but
cannotoperatein real-time. Our hopeis to train a classi�er like
Learn-RDoff-line periodically with RD, allowing for a fast ad-
blocker thathasbeentrainedby the RD heuristic. We might also
hopethat the learnercould �nd a generalrule that ignoredcertain
RD errorssobecamemoreaccuratethantheheuristic.

4.2 Testingand Training Data
In theprevioussub-sectionwe describeda varietyof algorithms

designedto labelwhetherthe links on a pagecontainedadvertise-
mentsor not. In thissection,wedescribehow weacquiredtraining
andtestingdata.

4http://www.Webwasher.com/client/download/private use/index.html
5http://lynx.org



Top25Sites weather look euniverse
smart

Web-Washer .935(.136) .907 .857 .517
Learn-WW .931(.118) .860 1 .517
Redirect .933(.08) .842 .857 1
Learn-RD .934(.08) .837 1 1

Table 1: Shown are the Web blocking accuraciesfor several
Web sites, along with standard deviation information for the
top 25Websites.

We generateda datasetfrom Media Metrix's largest 25 Web
propertiesasof January20026. Empiricalevidenceshows theaver-
ageuserspendsall their timeonasmallnumberof thelargestsites.
Wefelt thatblockingadsof thelargest25Webpropertieswouldbe
bothrepresentative andbene�cial to many, if notmost,users.

We crawled througha givenWebsite, randomlypicking eleven
pageslinkedfrom thefront pagethatsharedtheir top-level domain
with thefront page.

Thelinks onthoseelevenpages,alongwith thelinks onthefront
page,weredividedrandomlyinto asix-pagetrainingandasix-page
testset.EachWebsitewent throughtherandomtrainingandtest-
ing twice. WebWasherandRedirectclassi�ed eachlinked image
in thetraininggroup,andthoseclassi�cations,alongwith thelink
URL, wereusedto train Learn-WWandLearn-RDrespectively.

Next, all four classi�erswereappliedto thelinkedimagesonthe
testgroup.If all four classi�ersagreedthatanimagewaseitheran
ador all agreedit wasnotanad,they wereall deemedto haveclas-
si�ed the imagecorrectly. Spot-checkssuggestedthat agreement
betweenall methodsalmostalwaysleadto the correctprediction.
If one techniquedisagreedwith the others,we manually judged
whethertheimagewasreallyanador not.

4.3 Experimental Results
In total, 2696 imageswere classi�ed, and all four classi�ers

endedup with an averageclassi�cation accuracy acrossall sites
of within a quarterpercentof 93.25%(seeTable 4.3). The �rst
columncontainsaverageerrorratesfor the25 sites,with standard
deviationsin parentheses.Standarddeviationsarebasedonsite-to-
site comparisons.The overall falsenegative rates(labelingan ad
ascontent)andfalsepositive rates(labelingcontentasads)were
approximately26%and1%, respectively, andthatwasfairly con-
sistentbetweenall theclassi�ers. Note that themistakeswerebi-
asedtowardfalsenegatives,whichmeanstheclassi�erslet through
someads,but rarelyblocked content.This is probablytheappro-
priatebehavior for anad-blocker.

Table 4.3 also shows datafor speci�c sites. On varioussites,
trainersbeatlearners(weather.com);andlearnersbeattheir trainers
(looksmart.com).Thus learnersare not exact imitations of their
trainers,but on averageendupwith thesameaccuracy rates.

Thestandarddeviationsof thefour classi�ersarerelatively large
becauseerrorstendto clusterarounda few Websites.WebWasher,
for example,doespoorly marking adson euniverse.com,which
usesdifferentdimensionsfor its adimagesthanmany sites.Redi-
rectdoespoorly onportalsandinternalads.For example,Redirect
would not labela New York Timesadvertisementfor its own news-
paperasanadvertisement.

It is possiblefor thelearnersto generalizeto betterperformance
thanthe trainers.For example,all of the New York Timesadver-
tisementsarein a few URL directories.Thus,a few incorrectex-
amplesfrom Redirectareignoredin favor of the largernumberof

6http://www.jmm.com/xp/jmm/press/MediaMetrixTop50.xml

correctexamples;thelearnercorrectly“overrides”Redirect.Con-
versely, the learnerscanalsogeneralizeincorrectly; if the trainers
area little morewrongthanright, thelearnersendup generalizing
in thewrongdirectionandconsistentlymis-labelingthelinks. Such
problemshappenedon theweather.comWebsite.

TheRedirectheuristicworkedwell; its accuracy wasnot statis-
tically differentfrom thecommercialad-blockingprogram.Redi-
rect's simplicity suggeststhat, for now, that it is correctlyunder-
standingthe mechanismsby which most sitesserve up ads(i.e.
throughthirdpartyredirects).Thatmechanismcancertainlychange,
but suchchangeswouldbeharderfor advertisersto makethansim-
ply changingtheadvertisementsizes,whichcanfoil WebWasherat
times.

TheURL treeseemedto beagoodfeaturefor ad-blocking.Both
WebWasher's andRedirect's rulesseemedto becapturedin many
casesby the presenceor absenceof a single speci�c URL pre-
�x. HadtheURL beena poor feature,onewould expectthe tree-
learningbasedad-blockersto form morecomplex hypothesesand
have muchlower accuracies.

A spot-checkof randomsites(usingarandomlink generatorlike
www.mangle.ca)suggeststhat the URL featureworks even bet-
ter on smallersitesthanlarger sites,becausesmallersitestendto
usethird partyadvertiserswhoseURLs arealmostentirelyusedto
serve advertisements,like doubleclick.com.

Wewishto makeafew pointsaboutourresults.First,ourLearn-
RD algorithmachieved performancecomparableto a commercial
ad-blocker, without needingcomplex, hand-writtenrules. In fact
oursystemperformsbetterin somerespects.Mostad-blockingsys-
temsdonotremove text-basedads(ads,for example,placedwithin
searchengineresults),while bothRedirectandour learnertrained
on Redirectactsno differently for image-basedadsandtext-based
ads. Second,we argue that our ad-blockingclassi�er will adapt
in thelong termbetterthana staticversionof WebWasher, sinceit
canupdaterulesnightly withoutany humaninput. Of course,in the
adversarialworld of advertisements,it is probablethatthissystem,
too,wouldbedefeatedif it becamewidespread:anadvertisercould
deliberatelyobfuscatetheir URLs. Third, we point out thatunlike
theblack andwhite “redirect” heuristic,our learnergivespagesa
rangeof “blackness”scores.It canthusbetunedto tradeoff false
positivesandfalsenegativesdependingon theuser's preference.

5. RECOMMEND ATION EXPERIMENTS
In theprevioussectiononAd blocking,weshowedthatmachine

learningon tree-basedfeaturescould matchor outperformhand-
codedrules(WebWasher)andaninef�cient heuristic(Redirect).In
this section,we demonstratethat tree-basedlearningcanalsoout-
performclassi�cationalgorithmsbasedon traditionaltextual (and
other) features.As we mentionedin the introduction,our goal is
to build real-world Websystemsthatsave timeandeffort onbehalf
of users.Oneof thosesystemswasa recommendationsystemde-
signedto �nd interestinglinks customizedto individual users.In
this section,we describethe systemanddiscussexperimentswe
performedto judgetheeffectivenessof sucha system.

We ran a userstudyon 176 Web participantsto get real news
storydatafrom users.Weaskedparticipantsto click onany stories
they normallywouldread,andconductedexperimentsinto thebest
algorithmsfor predictingtest clicks on new pagesgiven training
clicksonpreviouspages.

Overallour two treealgorithmsperformedwell, evenagainstthe
supportvectormachinewhich is commonlythoughtof asoneof
thebestgeneral-purposelearningalgorithms.We showed thatour
features,aloneor coupledwith our algorithms,can increasethe
accuracy of classi�cation.In thenext sub-section(5.1)wedescribe



theset-upof theuserstudy, followedby a sub-section(5.2)on the
algorithmswe tried andtheir advantagesanddisadvantages.That
is followed with empirical resultsandanalysisof our algorithms
(5.3).

5.1 User­Study Set­Up
Weperformedastudyinvolving 176users.Userswerepresented

with 5 pagescontaininglinks to stories,andasked to click on the
links they would normallyclick on. Thepageswerevisually unal-
teredreplicasof pagesdownloadedfrom theWeb,consistingof 5
consecutivedaysworthof TheNew York Timesfront page(Septem-
ber15th through19th,2003). Thepagesanduserstudyareavail-
ablefrom our server7. Basedon thesubmittedemail addressesof
the participants,the usersencompasseda broadrangeof people
from throughouttheworld.

In orderto encouragea large numberof participants,we made
theexperimentseasyto completeandgave �nancial incentivesfor
doing theexperiments.Theexperimentwasentirelyconductedin
onesessionon theWeb,by usingcachedcopiesof the � ve pages
mentionedabove.

Someusersdid not completethe study, anda small numberof
othersdid not click on any links; thesewerediscardedfrom the
studyandarenot consideredpartof the176-usersampleset.

Eachclick on a link within theuserstudywould placea check-
markin a check-boxcorrespondingto that link, andwhentheuser
submittedthe page,a list of all the clicked (andun-clicked) links
wasnotedon the server. The clicked (andun-clicked) links were
usedto generatepositive andnegative exampleswith a variety of
features(next subsection)which werethenmadeavailableto vari-
ouslearningalgorithmsfor predictionof unseenclicks.

We choseTheNew York Timesasoneof themostpopularnews
sites in the world, meaningthat the contentof thosepageswas
broadly focused. We believe it is a representative of news sites
thatmany usersread.

5.1.1 Features
For eachlink oneachpage,wecollectedavarietyof featuresfor

usein our algorithms,to theextentpracticable.For eachlink, we
have acopy of thelink' sURL, theanchortext of thelink, theposi-
tion of that link in the tablestructureof thepage,andthe full text
of thearticle. In total therewere1105links acrossthe� ve pages8.
Therearesomedif�culties with collectingthedatafor every link,
particularlythetextualdata.

For example,notevery link hasanchortext insideit, sincesome
links areonly images.Therefore,whenavailable,we tookthe“alt”
tagsto standfor the text. Even so, thereareseveral image-only
links that have no available anchortext. In total, approximately
1% of the links did not have anchortext we could parsewithin
them. We will refer to databasedon theanchortext in the link as
“Anchor.”

It is evenmoredif�cult to fetchall of thepagesbehindthelinks.
For example,many sites(including the oneswe chose)only al-
low registeredusers,whichgenerallymeansthatthefetchingagent
needsto understandandrespondto cookies.Harderstill is follow-
ing the many typesof redirectsand translatingproperlybetween
absoluteandrelative links. Also many pages(again,includingthe
pageswe chose),have Javascriptlinks that requirea Javascriptin-
terpreterto understand.WeusedLynx asabrowser, andwrotespe-
cial routinesto follow redirects,to automaticallylog in to thesite
via cookies,and to translatebetweenabsoluteand relative links.
7http://daily-you.csail.mit.edu/data3
8The raw recommendationdata and featuresare available at
http://www.ai.mit.edu/kai/recommendationdataset.txt

While not perfect,we believe we gatheredasmany of the target
pagesaswasreasonablypossible. We did not follow Javascript-
basedlinks becausewe werenot awareof any reasonableway to
placea Javascriptparserwithin Lynx.

Thereis alsoa problemof rights for visiting Web sites. Many
Web sites(including thosewe chose)do not allow spiderson the
pagesunderneaththehomepage.Also, standardetiquettesaysyou
may not download more than one pageevery � ve seconds. We
followed the secondrule but not the �rst sincethe �rst makes it
impossibleto grabthe full text of articles. Oneoccasionalconse-
quenceof having aslightdelaybetweendownloadingWebpagesis
that sometimesthe pagesdisappearbeforedownloading. Though
wetriedto getasmuchof thepagesaspossible,around5%of them
werenot download-ablefor thereasonsgivenabove. Wewill refer
to thedatabasedon thefull text of thefetcheddocumentas“Doc.”

TheURL of thelink is comparatively easyto read,asit is a pre-
requisiteto having ausablelink (andapre-requisiteto beingableto
downloadany pages,for bothour robotandfor a user).Thetable
structurethe links sits in is slightly moredif�cult, becauseit re-
quiresparsingthepageinto tableelements,but every link hasapo-
sition in thetablestructure.Both of thesedatasetswerecomplete:
i.e., for every link apersoncouldclick on, thereis acorresponding
URL “URL” andtableelement“Table” thatlink satwithin.

To summarize,therewerefour basicfeaturesused:
Anchor: theanchortext within thelink.
Doc: thefull text of thewordsin thelinkeddocument
Url : theURL in a form thatretainsits paththroughthetree
Table: thelocationof thelink in thetable,in a form thatretains

its paththrougha tree.

5.2 RecommendationAlgorithms
We tried several algorithmswith variousdatasetslabeledwith

eachuser's click data. That is, for eachof the 1105datapoints,
176differentcombinationsof positiveandnegative labellingswere
foundbasedon theuser's empiricalnews selection.

We usedtwo “generalpurpose”classi�ers,Naive Bayes“NB”,
[8] andthe supportvectormachine“SVM” [6], acrossall four of
thefeaturesets,plusour treelearner“TL” on thetwo tree-structure
features.Thatis, someof our feature/classi�erpairsgave theSVM
andNB classi�ersthesameURL andTablefeaturesthetreealgo-
rithm used.

WechoosetheSVM becauseit is consideredto beoneof thebest
general-purposediscriminantclassi�ers[11]. We useda standard,
fast,publicly availableimplementationcalledSVMFu [19].

In order to give the variousnon-treealgorithms(SVM, Naive
Bayes)achanceto learnbasedontheURL andTabletree-features,
we tookeachnodefrom thetreeandtranslatedit into a `word' that
containedinformationaboutthepathto thatnode.For example,the
URL http://nytimes.com/business wastokenizedinto three
tokens:http:// , http://nytimes.com , and
http://nytimes.com/business . We chosethis “nested”tok-
enizationinsteadof theobvioussplittingupof theURL into “words”
sothattherepresentationwould still convey theexactpositionof a
nodein the tree,giving thenon-treealgorithmstheopportunityto
generalizein thesameway thatour tree-algorithmsmight. In par-
ticular, two nodesthataredistantin thetreebut happento have the
samewordswill, underour scheme,still have completelydiffer-
ent tokens.We believe thatthis hierarchicaltokenizationgivesthe
non-treealgorithmsafair chanceto exploit thesamefeaturesasour
tree. For example,if all “relevant” links arein a speci�c subtree,
theSVM canlearnthat classby identifying andclassifyingbased
on thetokenrepresentingtherootof thatsubtree.



Classi�er TopRec Top3 Recs Top5 Recs Top10
1. Random 29 104 162 330
2. Perfect 857 2488 3899 6093
3. NB-Doc 81 232 342 594
4. NB-Anchor 302 713 1021 1615
5. NB-Table 72 180 278 576
6. NB-Url 80 319 507 1036
7. SVM-Doc 59 156 257 520
8. SVM-Anchor 220 614 913 1438
9. SVM-Table 177 472 662 934
10. SVM-URL 308 839 1268 1953
11. TL-Table 401 900 1176 1512
12. TL-URL 385 979 1388 2149

Table 2: Summary of all the classi�ers and features on The
New York Timesdatasets.The numbers representthe number
of clicked recommendationseach classi�er would get, if they
(columns) recommendedthe top, top thr ee, top � ve, and top
ten highestscoring links. Bolded items have higher accuracies
than non-bolded items for a given column (statistical signi�-
cancemethodologyis reported in the Appendix).

5.2.1 TestEnvironmentParameters
Overallwetriedawidevarietyof algorithmsonacross-validated

setof TheNew York Timesdata.Fromour � vedocuments,weused
the links on 4 of themfor trainingandthe links on the remaining
onefor testing,acrossall of the176users.In total,thiscorresponds
to 182,325classi�ed links perexperiment(1105Timeslinks x 176
users).

Wetrieda totalof 10differentalgorithmscorrespondingto mix-
turesof differentalgorithmsandfeatures:

Support VectorMachine (C=1):SVM-AnchorSVM-DocSVM-
Url SVM-Table

Naive Bayes(� = 1): NB-AnchorNB-DocNB-Url NB-Table
TreeLearning (� = :2 � = :05):TL-Url TL-Table
Thealgorithmsweusedrequiredspeci�c parametersettingsthat

we describehereso the experimentscanbe replicated.We chose
Naive Bayesbecauseit is a fast, commonmodel-basedclassi�er
whosemodeldoesnot work well with treestructures.Speci�cally,
NB assumesindependencebetweenfeatureswhereasatreeimplies
certainstrict dependencies.For NB we usedan � smoothingpa-
rameterof 1 [8].

TheSVM requiredthesettingof a “C” parameterthatmeasures
the outlier penalty. We useda smallerportion of the test set (2
pages)to determinean optimal C parameterfor the four differ-
ent featuresets. We tried C valuesof 1, 3, 5 and10. Acrossthe
four featuretypes(Link, Doc, Url, Table),C did not substantially
changetheresults,soweusedaC parameterof 1. Otherparameters
includedsettingthe numberof cacherows to 3000(this changed
speedbut not accuracy) andsettingthe kernel to linear. Both the
kernelandthedatawererepresentedas�oating pointnumbers.

WeusedourTreeLearning(TL) algorithmonthetwo tree-structured
features,Url andTable. We setthe backward mutationrateto .2,
andcrossvalidatedthe forward mutationrateon the same2-page
trainingsetwe usedfor theSVM. We tried forwardmutationrates
of .05, .1, .15, .2, .25, and.3. In general,lower forwardmutation
ratesworkedbetter, sowe used.05in successive experiments.

5.3 RecommendationResults
On average,usersselectednine links a day (out of an average

of 221 possibilitieseachday). Eachof the classi�ers produceda

ranked list of recommendationsfor eachuserandeachpage(one
pagerepresentsonedayof stories).Resultsarewritten in termsof
thenumberof correctrecommendationsacrossall usersandlinks
within the top recommendation,top threerecommendations,top
� ve recommendations,and top ten recommendations.Complete
resultsare shown in Table 2. A perfectclassi�er (secondrow)
would have achieved 857correctrecommendationswhenproduc-
ing onerecommendationperdayperuser(176userstimes5 days;
a smallnumberof usersdid not click on any recommendationsfor
somedays). A randomclassi�er on the other hand,would have
donea(statistically)signi�cantly worsejob thanany of thetrained
classi�ers. Statisticalsigni�cance is reportedin termsof a non-
parametricstatisticaltest found in HollanderandWolfe [10] and
detailedin Shih[20].

Overall the bestperformingalgorithmwasthe treelearningal-
gorithmappliedto theURL feature,which hadthebestscoresfor
threeout of the four categories. The secondbestalgorithmwasa
tie betweentheSVM appliedto theURL featureandthetreelearn-
ing algorithmappliedto thetablefeature.Eachof theseperformed
well in differentcategories.

Rows 3 and 4 (NB) and 7 and 8 (SVM) shows a comparison
betweentwo of thetext features(AnchorandDoc) againsttwo al-
gorithms(NB andSVM). In both cases,the anchortext provides
a muchbetterfeaturethanthe fetcheddocument's text. This may
bebecausetheanchortext is supposedto containasummaryof the
document,andit is easierfor theclassi�er to understandthesesum-
mariesthanthedocumentsthemselves(perhapsthesummariesuse
asmallerfeaturesetthanthefull documentssorequirelesstraining
data).This is apositiveresultfor text classi�ersbecausetheanchor
text is mucheasierto fetchthanthetargetdocument's text (which,
asmentionedbefore,canbeslow andcanbedif�cult technicallyto
download).Thedifferencesareall statisticallysigni�cant.

Rows 5, 9 and11 (Tablefeature)and6, 10 and11 (URL fea-
ture) shows the differencebetweenthe variousalgorithmson the
treestructuredfeatures.As mentionedpreviously, we `tree-i�ed'
the featuresfor thebene�t of NB andtheSVM soeachalgorithm
would be aware of the position in the tree. The Bayes-netalgo-
rithm doesthe bestjob of taking advantageof the treestructured
features.This maybepartially dueto its domainknowledgeof the
problem,coupledwith arelatively smallamountof trainingdata.In
thosesituations,model-basedclassi�ersoften performbetterthan
discriminative classi�ers[16]. This is particularlytrueon thetable
features,which tendto bemuch�atter thantheURL: thedepthof
thetabletreeis muchmoreconstantthanthedepthof theURL tree.
Thenext bestperformingalgorithmis theSVM, whichgeneralizes
well consideringit hasno domainknowledge.Theworstclassi�er
on tree-structuredfeaturesis NB. We believe this is becauseNB
assumesindependencebetweenfeatureswhile a treeactuallygen-
erateshighly dependentfeatures(agivenchild alwayshasthesame
parent). The differencesfor 3, 5 and10 recommendationsareall
statisticallysigni�cant betweentheclassi�ers.

Rows 4, 10 and12 shows the bestfeaturegiven thevariousal-
gorithmson ourdatasets.Naive Bayesneedsto usethetext-based
features(sinceit is unsuitablefor the tree-basedfeatures),andas
discussedbefore,the besttext-basedfeaturewasthe anchortext.
Both the SVM andthe tree-learnerdid beston the URL feature,
suggestingthattheURL featureis agoodfeaturefor useonrecom-
mendationproblemslike theonewe posed.Thedifferencesfor 3,
5 and10 recommendationsareall statisticallysigni�cant between
theclassi�ers.

An importantcaveatin our resultsis thatoursystemwasaiming
to learnwhat links a userwould click on, not what storiesa user
wouldenjoyreading. It is perhapsunsurprisingthattheanchortext



is a betterpredictorof userclicks thanthebody, sincethe anchor
text is what usersactuallyseewhenmaking their click decision.
It is an interestingopenquestionto evaluatetheability of our tree
learnerto identify storiesthe userwould enjoy reading;this eval-
uationhowever would involve signi�cantly moreoverheadsinceit
would requiretest subjectsto actually readall the articlesbeing
consider, ratherthanjust readingtheiranchors.

6. CONCLUSIONS
Webeganwith theobservationthattheproperchoiceof features

canhave a signi�cant impacton theperformanceof classi�cation
algorithms. SinceWeb site authorshave an incentive to organize
their materials,for thesake of both theauthorandtheir audience,
wehypothesizedthattheURL of documentsandthephysicalplace-
mentof elementson a pagecouldprovide cluesinto theWebsite's
fundamentalorganization.

To take advantageof this observation,we notedthatURLs and
tablestructurecanbothbeviewedastrees,andthis facilitatedcer-
tain machinelearningalgorithms.Theselearningtechniquestry to
�nd correlationsbetweencertainproperties(i.e., this documentis
anad)with thedocument's locationin eithertheURL or tabletree.

We arguedthat our new featuresand learningwould produce
fast,goodclassi�cationschemes.Wegaveempiricalresultsontwo
Web applications: an ad-blocker and a recommendationsystem.
We showed that the ad-blocker could achieve commercial-grade
accuracy without requiringany humaninputs. The recommenda-
tion resultsshowed that our tree-learningapproachoutperformed
conventional techniquesand featureson real world news recom-
mendationdata.

Our tree-basedalgorithmsexhibit awell-recognizedtradeoff be-
tweenspeci�city andaccuracy. Thetext-basedclassi�erswe com-
paredourwork to areverygeneral:thesetof wordsthatcharacter-
izesdocuments“interesting” to a given useris not (very) speci�c
to any particularsite. Our URL classi�er is site speci�c—what it
learnsabouttheURLsof adsononesitewill notgeneralizeto other
sites.Thus,it needsto train separatelyon eachsite,andwill make
no useful recommendationsuntil suchtraining is complete. Our
table-basedclassi�er is evenmorespeci�c, asit focusesonthelay-
out of a speci�c page,andrequirestrainingdataspeci�cally from
thatpagein orderto make recommendations.
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