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ABSTRACT

We proposenew featuresandalgorithmsfor automatingVeb-page
classi cationtaskssuchascontentrecommendatiomandad block-
ing. We shawv thatthe automatectlassi cation of Web pagescan
bemuchimprovedif, insteadof looking attheir textual contentwe
considereachlinks's URL andthe visual placemenof thoselinks
on areferringpage. Thesefeaturesare unusual:ratherthanbeing
scalarmeasurementik e word countsthey are tree structued—
describingthe positionof theitem in a tree. We develop a model
andalgorithmfor machinelearningusingsuchtree-structuredea-
tures.Weapplyour methodsn automatedoolsfor recognizingand
blocking Web adertisementandfor recommendindinteresting”
news storiesto areader Experimentshav thatour algorithmsare
bothfasterandmoreaccurateghanthosebasedon thetext content
of Webdocuments.
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1. INTRODUCTION

We proposenen featuresand algorithmsfor usein automated
Web classi cationtasks,suchas contentrecommendatioand ad
blocking,thathelp userscopewith the massof informationon the
Weh An olvious approachto suchclassi cation tasksis to use
the extensvely available library of text and image classi cation
tools. Butin this paperwe amguethattwo featuregarticularto web
documents—theitJRLs, andthe placemenbf links to themon a
referringpage—carbe usedeven moreeffectively for suchclassi-

cation tasks. We pursuethe intuition that contentproviderstend
to chooseURLs and pagelayoutsthat coherentlystructuretheir
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Figure 1: Screen-shotsfrom an original CNN page (left) and
the samepageviewedthr oughthe Daily You (right). Noticethe
Daily You's version removes the advertisements, someof the
navigation boxes,and alsowrites the word “pick” (emphasized
in pictur e) near recommendechewsarticles.

contentaccordingto topic, andthatsuchtopical structuringcanbe
exploitedin classi cationtasks.For example,evenwith no under
standingof thetext of a nevspaperonemight guessrelationships
betweenrarticlesbasen visualgroupingsalone(for instancethat
articlesunderthesameheadingareall aboutthe sametopic or were
of similarimportance).The goal of this paperis to formalizesuch
intuitionsinto ageneralwvay of algorithmicallypredictingtheprop-
ertiesof thetametsof urvisitedlinks.

Two key stepdn classi cationareto selecthesetof featuesthat
will beexaminedandthedecisionrule thatwill be appliedto clas-
sify basenthosefeaturesin mary ad-blockingapplications, the
featuresinclude, for example,the dimensionsof the imagebeing
considerecandthe decisionrules (“an adis animage250 by 100
pixels”) arelaboriouslyhand-coded.A big disadwantageof such
anapproachs the needfor humaneffort to createthe rulesandto
write new onesasadwertisement&volve. To x this, systemsuch
asAdEaterattemptto apply madine learning automaticallygen-
eratingclassi cationrules by examining a setof labeledtraining
exampleg[13]. In recommendatiosystemssincedifferentdeci-
sionsruleswork for eachuser machinelearningis almostalways
used. Typically, the Web is treatedasa large text corpus:the nu-
meroudfeaturesusedarethewordsin thedocumentsandstandard
machindearningalgorithmssuchasNaive Bayesor supportvector
machinesareapplied[2].

TheWebis morethanjusttext, however: it containgich, human-
orientedstructuresuitablefor learning.In this paperwe aguethat
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two featuresparticularto Web documentsURLs and the visual

placementf links on a page,canbe of greatvaluein document
classi cation. We shav thatmachine-learninglassi ersbasedon

thesefeaturescanbe simultaneouslynoreef cient andmoreaccu-
ratethanthosebasedn the documentext.

Our motivating examplefor theseclassi cationproblemsis The
Daily You, a tool providing personalizechens recommendations
from theWel?. TheDaily YouusesURLs andtablelayoutto solve
two importantclassi cationproblems:the blocking of Webadwer
tisementsandthe pageregionsandoutboundhypetlinks predicted
to be“interesting”to its user(seeFigurel).

TheDaily You's framework is typical of machindearningappli-
cations: given a numberof training examples(documentdabeled
asadwertisementsor asinterestingto the user), The Daily You at-
temptsto malke predictionsaboutnew, unseeritems. Intuitively, a
goodpredictionstratgyyisto nd trainingexampleghatare“simi-
lar” to thenew item,andpredictthatthe nev examplehasthesame
classasthosesimilar trainingexamples.

In typical text classi cationapplications similarity is measured
by word overlap—documentarethe sameto the extent that they
incorporatesimilar words (or phrases). In this paper we take a
differentapproactio similarity thatstressesherelative positionof
itemsin atree:

Onmary Websites,pageURLs areorganizedn a hierarchy
accordingto subject.For example,this year's articlesabout
spaceonthe CNN Websitehave a URL pre xedby
cnn.com/2003/tech/spacehich canbeinterpretedasplace-
mentin the “space”subtreeof the “tech” subtreeof the cnn
tree. On the naturalassumptiorthat a useris typically in-
terestedn certainsubjectsbut not others,thelocationof an
articlein the URL treeis suggestie of the users interestin
it. Similarly, on mary Web sitesadwertisementoften bear
links pointing backto a single“ad” subdirectoryof the site.
Indeed commerciakoolssuchasWebWasheret usersman-
ually specifycertainURL “pre x es” asindicatorsof adsthat
shouldbeblocked.

We nd that Web-sitesoften basethe visual layout of their
index pageson asubjecttaxonomy This layoutis oftenhier

archicalandre ectedin arecursve tablelayoutthatcanbe
detectedn the (hierarchical)parsetree of the HTML docu-
ment. For example,the CNN Web-sitefront pageoffers a
“table of contents”partitioningits storiesundera numberof
labelssuchas“U.S..” “World,” “Travel”, and“Education’

Theseplacementsepresensubjectclassi cationsthat may
well be strongindicatorsof “interestingness’for a reader
Similarly, adwertisement®ften have a speci ¢ placementn
thepagelayout.

Thesetwo examplessuggesthe possibility of classifyinga docu-
mentbasedn its positionin somepreisting taxonomy(theclass
labelitself is not partof thetaxonomy).

Most classi cation algorithmsdeal primarily with featuresthat
have beenreducedo numberssuchasthe numberof occurrences
of the word “apple” in a documentor the lengthand width of an
image. To insteadimplementthe ideaof classi cationusingsuch
tree-basedeatureswe needto solve several problems. First, we
needto develop a classi cation modelthat allows us to train and
malke predictionsusingthe tree-basedeature. Second,we need
to shav how classi cation using that model can be implemented
efciently.
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To designa model, we usethe treeasa Bayesnet uponwhich
weimposea “mutation” model—nodein thetreeareusuallyof the
sameclassastheir parentsput have someprobabilityof ipping to
adifferentclass.To designalgorithmswe adaptBayes-netearning
methodgo our applicationdomain.Corveniently theseBayes-net
algorithmscanbe madeincremental suchthataddingnen exam-
plesandqueryingfor thelikely classof new items(basedon their
positionin thetree)is very fast.

We then describeour algorithm’s applicationto nens recom-
mendationand ad-blockingproblems,and summarizesxperimen-
tal datashawing thatour approactworkswell. Onthe ad-blocking
front, we shawv thatour ad-blockingalgorithm,trainedwithouthu-
maninput (usinga simple heuristicfor identifying ads)is ableto
learnto block adswith efcacy matchingthat of a commercial,
hand-codectlassi er with numeroushuman-desied classi cation
rules. On the news recommendatiofront, we reportthe resultsof
a studyinvolving 176 users;our tree-basedlassi er requiredfew
training examplesandsigni cantly outperformed state-of-the-art
classi er (the supportvectormachine)in termsof both speedand
accurag appliedto eithertraditionalor tree-structuredeatures.

Besidesits adwantagesn learningef ciency andaccurag, our
approachhasoneotherimportantbene t speci c to the Weh Un-
like text-basectlassi ers,which mustfetchthe contentof the page
being classi ed, our classi ers do their work by looking at the
pointerto the page,andneednot fetchthe pageitself atall. Thus,
our tree-basedlassi ers require ordersof magnitudelessband-
width thantraditionaltext basedclassi ersfor the sameproblem.
Undercurrentnetwork conditionsthistranslatesnto asigni cantly
fastersystem.

1.1 RelatedWork

Somerelatedwork hasbeendoneon prioritizing the spidering
for topic-relevant search. Rennieand McCallum [18] usedrein-
forcementearningto mapthetext surroundingalink to rankpages
for spidering.SearctenginesuchasGoogle[5] arealsosaidto use
anchortext in links pointing to a pagein orderto decidewhether
that pageis relevantto a query Chakrabartietal. [7] built upon
thatwork, creatinga morerobustsetof featuredy parsingoutthe
structureof the HTML, aswe do. However, they chooseto treatan
HTML documentsallinearsequencef (textual) tokens,andem-
phasizethe ideaof learningan appropriately-sizeénd-weighted
“window” aroundthe link thatshouldbe usedto classifythelink.
Chakrabartigtal. alsoproposeo usethetextual contentof there-
ferringpageto predictclasse®fthereferringpage, andto usethose
predictedclasseso malke predictionsaboutlinks on thatpage.All
this work sharesourideaof usingextrinsic featurego evaluatethe
classof anunseerdocumentput 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, asin our work. Mary classi ca-
tion algorithmsattemptto usetraditional features(suchas word
counts)to createtaxonomiegver the documentspr to insertnew
documentsnto a preeisting taxonomyof old documentg§15, 12].
Work which aimsto usetreepositionasafeaturefor learningother
classi cationsseemanuchlesscommon. Haussler{9] is, to our
knowledge,the rst to proposeusingpositionin a preeisting tree
as a featurefor classi cation. The model he proposedis more
speci ¢ than ours, requiring that the conceptto be learnedform
a conjunctionof subtreesAmongotherdifferenceswith ourwork,
Hausslers modeldoesnot captureclasseshatarecomplementsf
subtreesIn our terminology Hausslers work only allows for for-
ward mutations but doesnot allow for backward mutations(more



onthisdiscussedbelon). Agrawal andSrikant[1] have amodelfor

combiningcatalogof documentshatlivein differenttaxonomies.
Their modelis simplein thatit assumeshatthe taxonomyhasno

internalnodes(for more comple taxonomiesthey discardall the

internalnodesconnectingheroot directly to the leaves). This al-

lows for the useof a simpleralgorithm(naive Bayes)but discards
rich informationaboutthe ner-grainedrelationshipsbetweerthe

leaves.

Anothertypeof relatedwork is wrapperinduction[14]. In wrap-
perinduction,thegoalis to identify the partof aWebpagecontain-
ing a speci ¢ pieceof information. An examplegoal would be to

nd aspeci ¢ pattern like a stock’s quoteon some nancial Web

pagedayafterday Wrapperinductionoftenusesormattinginfor-
mationto identify theright partsof apage but we arenot awareof
ary thatusesURL structure.Onecouldview ourwork astrying to
learnthewrapperghatcontainghingsthatinterestagivenuser

Ourapplicationresembleshatof otherprominentWebnews ser
vices.Mostexistingwork only operate®n pre-sesites,while ours
allowstheusergo specifyarbitrarytamgetsites.Thelargecommer
cial servicesaggr@atepagestogether(http://my.yahoo.com ),
but require pre-setsites (which presumablyhave beenmanually
con gured to feed speci ¢ storiesto Yahoo!) and do not make
userspeci ¢ recommendations.Someresearchapplicationslike
NewsDude[4] do make suchrecommendationgut only from pre-
setnews sources. NewsDudespeci cally usestext-basedclassi-
ers bothto selectgoodarticlesandto remove articlesthat seem
overly redundantith alreadyseenarticles. An earlierattemptat
userpro ling [17] alsouseda Bayesiartext modelto predictinter
estingWeb pages Newsblaste(3] anda similar serviceat Google
(http://news.google.com ) scanmultiple pre-sesitesandsum-
marizesimilararticles.Newsblasteusescomple naturallanguage
parsingroutinesto combinearticlesfrom multiple sitesinto one
summaryarticle.

Other Web applicationsallow the userto selecttheir own set
of news sources like the Montagesystem[2]. Ratherthan fo-
cusingon new information, Montageis morelike an “automated
book-marksbuilder” It watchesthe userto identify pagesthey
visit frequently andcreatesollectionsof links thatlet theuserget
to thosepagesmore quickly. It usestraditionaltext-classi cation
algorithms(SVMs) to breakthesebookmarksinto coherenttopic
catgyories. In contrastour systemaimsto recommendVeb pages
thatarenew but thatwe believe will beinterestingto theuser

2. URL AND TABLE FEATURES

In this sectionwe discussin greaterdetail two tree-structured
featuresthat are particularlyrelevant to certainWeb classi cation
tasks.

2.1 URL trees

The World Wide Web ConsortiumarguesthatdocumentURLSs
shouldbeopaquéhttp://www.w3.org/Axioms.html#opaque ).
On this Web page, Tim Berners-Leenrites his axiom of opaque
URIs: “... you shouldnotlook at the contentsf the URI stringto
gainotherinformation..”.

In contrasto thosestyle guidelines mostURLs novadayshave
human-orientedheaningshatareusefulfor recommendatioprob-
lems. Indeed,the guidelines URL containsemanticsincluding
authorship(w3.omg), that the pageis written in HTML, andthat
the topic relatesto an “Axiom aboutOpaqueness. As the docu-
ments URL demonstrategsomavhatironically), URLs aremore
thansimply pointers: authorsand editorsassignimportantmean-
ingsto URLs. They do this to make internalorganizationsimpler
(authorshiprights, le permissionsself-catgorization),andsome-

timesto malke that organizationschemeclearto readers. Read-
ersoftenmale inferencefrom URLs, which is why browvsersand
searchenginesusuallydisplayURLsalongwith thetext description
of alink. We caninfer from a URL thatadocumensenesapartic-
ular function (aspeci ¢ Webdirectorymight alwayssene ads);or

relatesto atopic ("business'storiesmight be underonedirectory);
or hasa certainauthorship.Or, we mightdeleteasufx of anURL

in anattemptto move to a more“general” pagestill relatedto our

startingpoint. In short,similar documentgasde ned by thesite's

authors)often resideundersimilar URLs. A goodURL structure
provideshelpful contextual cluesfor thereader

URLs are extremely goodfeaturesfor learning. First, they are
easyto extractandrelatively stable.EachURL mapsuniquelyto a
documentandary fetchabledocumenmusthave a URL. In con-
trast,otherWebfeaturedik e anchortext, alt tags,andimagesizes,
areoptionalandnot uniqueto a document.Of course,URLs can
be obfuscatedhiddenor changedn automatedashion;but such
changessimultaneouslymale it dif cult for usersandsearchen-
ginesto nd andreturnto information. SecondURLs canberead
without downloadingthe target documentwhich lets us perform
classi cationmorequickly. Thisis a necessargonditionfor real-
time classi cationtaskdlik e ad-blocking.Third, aswe amguebelow,
URLSs have anintuitive and simple mappingto certainclassi ca-
tion problems For example we give empiricalevidencein Section
4 thatthe URL is highly correlatedwith whethera link is an ad-
vertisemenbr not. Most adwertisementlicks aretracked through
asmallnumberof programstheseprogramsareusuallycontained
in subtreeof the URL tree,like http://doubleclick.net
or http://nytimes.com/adx/... .

To convert a URL into a tree-shapewe tokenizedthe URL by
thecharacterg , ? and&. The/ is astandardielimiterfor directo-
riesthatwascontinuedinto Webdirectories;? and& arestandard
delimitersfor passingvariablesinto a script. The left-mostitem
(http: ) becomegheroot nodeof the tree. Successie tokensin
the URL (i.e. nytimes.com ) becomethe childrenof the previ-
oustoken. Note thatour constructiorguaranteesve endup with a
tree,evenif the web siteitself is not tree shapedtwo pagesmay
pointto thesameURL, butit is the URL itself thatde nesthetree
location).

2.2 HTML TableTrees

Similarly, the visual layout of a pageis typically organizedto
help a userunderstanchow to usea site. This layouttendsto be
templated—mogtageswill retaina’look andfeel' eventhoughthe
underlyingcontentmight be dynamic. For example,differentarti-
cleson oneparticulartopic might appearin the sameplaceon the
pagedayafterday Thepagelayoutis usuallycontrolledby HTML
tabletags,correspondindo rectangulagroupingsof text, images
andlinks. Often, one table alongthe side or top of a pagewill
containmuchof the site's navigation. The contentof a site might
usetablesto grouptogetherarticlesby importance(the headline
news sectionof a nevs-magazine)by subject,or chronologically
(newestitemstypically atthetop). Like the URL, this pagelayout
canbeusedto eliminatecertaincontent(suchasthe bannerstthe
top of the page);or to focuson othercontent(the headlinespr the
sportssection). Like the URL feature,tablesmale goodfeatures
for machinelearning. For a pageto displayproperlyin browsers,
the tagshave to obey a standardizedHTML grammar;this also
malkesthetablefeatureeasyto extract. In thenext sectionwe give
the exampleof a ChineseWeb site that might be understoodeven
barringunderstandinghe speci cs of thecontenton thesite.

To corverttheHTML tablestructureinto a tree-shapewe used
a hand-writtenPerl programthat extractedthe HTML table tags



<HTML> ...
B-1 <Table...></Table>
<Table...>
<Td><Table>...
<ahref=...> a1
<ahref=...>
Bt <ahref=...> A
<ahref=...>
B2 </Table></Td>
<Td><Table>...
<ahref=...> B1

<ahref=...> B2
</table></td>

</HTML>

e

B-1 B-2 B-1 B-2

Al A-1

—— —
Figure 2: Shown is an abstraction of Web f)roblem 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 treestructur e. The bottom left shows the abstracted
tree,receving a partial labeling of the page: white (“advertise-
ment”), black (“content”) and gray (“unknown”) nodes. The
bottom right shaws one potential generalization of the tree
which suggestsverything in box A is an advertisement.

(<table> and<td> ). Theroot of the treeis the entire pages
HTML. The children of a nodearethe next lower level of table
elements.

Note thatwhile the samestory might be headlinedn morethan
oneplaceonthepage(e.g.,anarticlemightappeain both“world”
and“education”),for the purposeof this paper we treatthosetwo
appearanceastwo separatéeaveson thetaxonomy

3. LEARNING MODEL

In this sectionwe outlineourlearningmodelandalgorithm.We
classify using a geneative model. We de ne a processthat en-
forcesour ideasaboutcorrelation: items nearbyin the (URL or
layout) treeusuallyhave the sameclass.Our training datatells us
the classeof someof theitems,and our modelsuggest®otherar
easof thetreethatmight besimilar. More preciselywe modelour
learningproblemusing a Bayesnet, and apply fastalgorithmsto
perform classi cation on that Bayesnet. In the next section,we
give a shortintuitive descriptionof the typesof relationshipsour
algorithmandmodelmight nd.

3.1 Intuition Behind Model

SupposesomeonavasgivenaWebpage ik e theonefeaturedat
thetop left of Figure2, andasledto recommendalink to afriend.
Supposeghe recommendecould not readary Chinese hadnever
visited the particularsite®, andgenerallycould not decipherary of
the contentsof the page. Giventhatthe friend liked the article in
B-1, onemight reasonablyecommendhe adjacentarticlein B-2.
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Without knawing ary speci cs of the Web page,mostpeoplecan
male goodguesseaboutsomeof its semanticattributes.

Figure2 alsoshavs how a computeralgorithmmightre ect the
earlierstatedntuition thatitemsvisually clusterednighthave sim-
ilar properties.For example,if one personmentionedhatthe top
link in box A wasanad\ertisementit mightbereasonabléo guess
thateverythingin box A wasan adwertisementoo. Similarly, if a
personexpressednterestin B-1, a naturalrecommendatiomight
beB-2.

The upperright-handside of Figure 2 displayssnippetsof the
HTML thatdescribeghe site; variousvisually distinctareasrom
the Web pageare encodednto continuousblocksof HTML. The
HTML formsatree,shavn by indentationsThattreeis abstracted
onthebottomleft. SupposesomeondabelsthatnodeA-1 is anad-
vertisemen{white), while nodeB-1 is content(black). Thetreeon
the bottomright shawvs a potentialgeneralizatiorof thatinforma-
tion in which everythingin box A is consideredan adwertisement.
The work describedheretries to formalize and build algorithms
thatautomaticallymake generalization$ik e these.

3.2 The Generative Model

Our goalis to createa generatre modelin which nearbyitems
tendto have thesameclass.More formally, we de ne aprobability
distribution over the possibleclassef itemsin the tree. We aim
for the probability distribution to re ect our intuition that nearby
items usually have the sameclass. To accomplishthis, we usea
Bayesnetover the treeholding the itemsto be classi ed. Our as-
sumptionthatthe classto be learnedis correlatedo the tree posi-
tion is capturedin a model basedon mutations. We considerthe
tree holding the itemswe wish to classify The actualitemsare
usuallyleavesin this tree,but we extendour modelto assumehat
the internalnodes,which may or may not representctualitems,
alsohave “hidden” classes.Somechildren of internalnodesmay
“mutate” into differentclassesWe begin by assigningsomeclass
atthetree's root. We thenwork our way down the tree,declaring
thateachnodeis probablyof the sameclassasits parentbut hasa
smallchanceof beingof theotherclass.

Formally, we considertwo classed) and 1, and specify a for-
ward mutationprobability anda badkward mutationprobability

(conversely with probabilitiesl andl , respectiely, no
changeoccurs).We declarethatthe classof a nodefollows proba-
bilistically from the classof its parent.Supposaiodex hasparent
y in thetree. Let Ny andNy denotethe classef nodesx andy
respectiely. Then

Pr[Ny
Pr[Ny

1j Ny
OjNy =

0= and

|

[EnY
—

1

Applying this rule downward from the root provides a generatie
modelof classassignment$o nodesin the tree. Giventhe root's
class,we can ip coinsaccordingto the formulasabove to deter
minethechildrens classesgiventhesewe cangeneratehe grand-
children’s classesandsoon.

To initiate the procesave mustchoosea valuefor theroot class.
In the caseof ad-blockingit mightbe naturalto arguethattheroot
of awebsiteis surelynotanad. As thisis ageneraimodel,we are
certainlyableto choosea prior biasedtoward oneclassor another
However, if we wishto minimizethe numberof free parameterso
only and ,wecandeclaretherootclassto beafunctionof those
alreadyexisting parameterskor theroot noder , we declarethat

PrIN, = 0]= =( + )



Thisformulais useful:if x is achild of theroot, then

PrINx = 0] = Pr{N, = 0j N, = O]Pr[N, = O]+
PrNx = 0j N, = 1]Pr[N; = 1]
=@ )+ —
i

In otherwords,with this root probability all nodesn thetreehave
the sameprobability of beingclassO, prior to labelingary of the
leaves. Later, aswe labeltheleaves,theseprobabilitieswill change
(seethenext sub-section).

If and aresmall, our modelassertghata nodeis likely to
have the sameclassasits parent,andthuslikely to have the same
classasits siblingsandothernearbynodesin thetree. As the mu-
tation probabilitiesincreasethe correlationbetweemearbynodes
in thetreedecreasesWe usuallyconstrain and to belessthan
:5, which indicatesthe probability of a mutationis lessthan the
probability of anon-mutation.

To summarizehe stepsin creatinga Bayesnetout of the given
hierarchy:

setconditionalprobabilitiesfor all edgesn thetree:for node
X with parenty,
priN« = 1j Ny
pr{Nx = 0j Ny

0]
1]

settherootprior: p[No = 1]= =( + )
Next, we discusshow the probabilitiesin the treechangewhen
leavesarelabeled.

3.3 The Learning Algorithm

With this model,in the absenceof ary evidence,we male the
samepredictionabouteverynodex: thatit hasprobabilityPr[Nx =
0]= =( + ) ofbeingin class0. Thingsbecomemoreinterest-
ing whenwe aregiven someevidence Supposeéhatthereis a set
of (leaf) nodesE whoseclassesareknown. Thiswill in uence our
predictionsaboutothernodes:in particular we wantto compute
the Pr[Ny = 0 j E] thatnodex hasclassO conditionedon the
evidenceE . We canexpandthis conditionalprobability as

Pr[Nx = OandE].
Pr[E] ’

Notethatboththenumeratomanddenominatoaresimply the prob-
ability of somesetof nodes(E in the denominatarNy [ E in
the numeratorgettingcertainlabels.Soif we cancomputesucha
quantity for generalevidence,we cancomputethe desiredcondi-
tional probability We focusonthe computatiorof Pr[E].

We usea standardBayes-netnferencealgorithm. Supposehat
therootr hastwo childrenx andy, andlet Ex andEy denotethe
labeledleaf nodesin the x andy subtreesrespectiely. Because
of our generatie model, given the classof therootr, the classes
of nodesin the two subtreesareindependenbf one another and
their probabilitiescanbe multiplied. Thatis, Pr[E j N, = 0] =
Pr[Ex j r = 0] Pr[Ey j r = 0], andsimilarly for the case
N = 1. Butrecallthatto generatghe classesn x's subtreegiven
thatN, = 0, our rst stepis to pick arandomclassfor x, andthen
assignclassego itemsbelon x basedon the classof x. Formally,

we nd that

Pr{Ex j N; = 0]= Pr[Ex j Nx = O]Pr[Nx = 0j N, = 0]
+ Pr[Ex j Nx = 1JPr[Nx = 1j N; = 0]
=(1 )Pr[ExjNx = 0]+ Pr[ExjNy=1]

More generallylet uswrite pxo = Pr[Ex j Nx = O]andpx1 =
Pr[Ex j Nx = 1] (notethatthesetwo quantitiesneednot sum
to 1). Our analysisabove, generalizedo an arbitrary numberof
children,saysthatfor ary nodex,

Y
Pxo = (¢
y2 chi\l(drerm

Px1 =
y2 childrenx)

)Pyo+ Py1)

(pPyo+ (1 )Py1)

Technically theproductover childrenis actuallylimited to children
whosesubtreegontainnodesfrom E.

The above algorithmcancompute working up from the leaves,
two quantitiespxo andpy1 at eachnodex in thetree. At theend
of therecursionwve have p; o andp, 1 andtheroot. At this pointwe
cancompute

Pr[E] = pro Pr[N; = O]+ pr1 Pr[N; = 1]

= Ppro + Pr1

+ +

During the computation eachnodewas “inspected”a constant
numberof times (to producevaluesfor its uniqueparent),so the
entirecomputatiortakestime linearin the sizeof thetree. As dis-
cussedibore, we canrunthecomputatioroncefor thetrainingdata
E, andoncefor theextendeddataE [ fNxg, in orderto compute
Pr[Nx j E].

It would beunfortunatdf we hadto runalineartime (in thetotal
numberof nodesomputatiorto classifyeachnew candidatétem,
but fortunatelywe cando muchbetter Noticethatwhena labeled
item x is addedto E, it only in uencesthe probabilitiespyo and
py1 for nodesy thatareancestorsf the new nodex (this follows
by induction sincea nodes valuesdependonly on its children's
values).Thus,if we computeandstorethe quantitiespyo andpy:
for all nodesy in theinitial classi ed training set,thenthe com-
putationof Pr[E [ fNyg] (andfromit Pr[Ny j E]) canbedone
by walking up the treefrom x. This takestime proportionalto the
depthof x, which is effectively constantin our applications(few
URLSs or table structureshave depthexceeding10). Somesmall
careneeddo beappliedto maintainthis constantime boundwhen
nodeshave large numberof children,but it canbe done[20].

In summarywith linear storagespacewe canhold a datastruc-
turefor thetrainingdatakE thatletsus

computePr[Ny j E] for ary querynodex, or
addanew labelednodex to thetrainingsetE

in time proportionatlto thedepthof thetree,whichis in effect con-
stantfor mosttrees.Notethatin fact,we needonly storeparameters
for nodeghatareancestoref anevidencenode(therestof thetree
canbecreatecbnthe y asneeded).

4. AD-BLOCKING

We now consideranapplicationof ourtechniqueo adblocking.
We shav how a learnerbasedon treefeaturescan matchthe per
formanceof a commercial,hand-codedad-blocler. Intriguingly,



our learnerrequiresno humantraining—instead,it generatests
own training datausinga slow but simple heuristicbhasedon link
redirection.

Ad-blockingis adif cult problembecausad\ertisementshange
over time, in responsdo new adwertising campaignsor nev ad-
blocking technology This makesit quite burdensomeo maintain
an ad-blocler basedon hand-codedules: when nenv adwertise-
mentsarrive, a static ad-blocler's performancesuffers; typically
engineersnustcodea new setof rules,andusersmustperiodically
downloadthoserules.

As we have mentioned,our approachis to have the computer
learnsetsof rules; suchan approachmeandesswork for the en-
gineersand fewer rule updatesfor the users. A typical approach
wouldbefor engineerso labelsomesmallsetof trainingexamples,
andhavetheclassi erlearnaclassi cationrule basetnthem.An
exampleof this training-basedpproachs AdEater[13]. AdEater
got a 97% accurag (the only metric reported)on their ad block-
ing experiments thoughit requires3,300handlabeledimagesto
achieve thataccurag. AdEateruseshumansto performthe rela-
tively simple task of labelingimagesasadsor not; the machine
learningtakesonthemoredif cult taskof discoveringrules.How-
ever, AdEatersufiersin the sameway that mostad-blockingpro-
gramsdo: it takesconsiderabldumaneffort andtime to produce
anupdatehenceits accuray decreaseasnew adformssurface.

Of course,handlabelinglarge numbersof imagesis alsotime
consuming. So we actually go one stepfurther, usingno human
training at all. In orderto avoid humantraining, we usea slow,
but reasonablyaccurate heuristicto label links on a pageas ei-
therad\ertisement®r not (of course AdEatercould have usedthe
sametraining methodology).Insteadof usinghigh-qualityhuman
data,we usea heuristiccalled Rediect Redirectlabelsa link as
anadif fetchingthelink yields a redirectionto anothersite. The
redirectheuristicmales sensebecausét captureshe normalpro-
cessthat adertisersuse: trackingthe click, thensendingthe user
to the adwertisedsite. Notice thatthis is muchmoreof a “content”
basedheuristicthanimagesizeswhich are“form” heuristics;ads
cantake ary shapeandsize,but mostcurrentadwertisementsncor
poratesometypeof trackingmechanism.

As we shall see,the Redirectrule is aboutasaccurateas Web-
Washerat identifying ads. But thereis a big barrierto usingRedi-
rectitself asanadblocker: to decidewhetherto block anad, Redi-
rect mustfetchit rst. This generates signi cant overheadin
additionalconnectionanddownloads—onevhichin today's net-
work ervironmentmakesthe Redirectheuristictoo slow to usein
realtime adblocking. However, we will shav thatour tree-based
learnercanpredicta redirectwithout actuallytrying it—this gives
us an approximationto the redirectheuristicthat can be usedfor
real-timeadblocking.

In practice click-throughtrackingrequiresback-endnfrastruc-
ture like databaseand CGlI scripts. Therefore,adstendto be lo-
catedtogetherundera small numberof URL directoriesper site
(i.e.,underxyz.com/adsemr). It is rarefor asiteto have ad\ertise-
mentsandcontentin the sameleavesof the URL tree. Therefore,
we useourtreelearningalgorithmsto associatexisting URLswith
an “ad' or "not ad' label provided by the Redirectheuristic. As a
new pageis loadedthelearningmodelpredictsvhethemen URLS
are'ads'or “not! A big adwantageof theredirectheuristicis that
training examplescanbe provided automaticallyby anoff-line al-
gorithm that, whenthe useris doing otherthings, visits sitesand
takesthe time to checkandfollow redirects. In otherwords, we
cantrainwithoutary humaninput.

4.1 Ad-blocking Framework

In orderto labelthe adwertisement®n a given page,we down-
loadedthepageandsaredtheHTML into acachedle. Thecached
le wasnecessargothateveryalgorithmwouldbeviewing exactly
thesameWebpage.We wentthroughthecachedle locatinglinks
onthepage.We useda Perlexpressiorto nd all links ona page,

with a regular expressionthat matched<a href= ... la> .
This correspondso astandardHTML de nition of links on pages.

Fromthelist of links we foundonthecachechage we only used
links thatcontainedmages.This is becauseat the time of our ex-
perimentsthe commercialad-blocler (WebWasher)only blocked
image-baseddwertisements.To detectimagesembeddedwithin
links, we only took the subsetof links whoseanchorscontained
thetext <img , whichis astandardHTML de nition for displaying
images.For a givenpage we call this subsef thelinks onapage
image-links

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

WebWasheris a commercialproductwith handwrittenrules
that usesmary featureslike the dimensionsof the ad, the URL
andthe text within animage. It is in useby four million users.
WebWashercanbe downloadedfree for educationabndpersonal
usé. We usedthe WebWasherLinux version,which wasinstalled
asaproxy. TheWebWashemproxyreadsn therequestedVebpage,
eraseshe adwertisementsthen forward the modi ed pageto the
Webclient.

In orderto have WebWasherlabel a page,we ran our cached
le throughthe WebWasherapplication. Webwasherremaoved all
the image-basedinks it deemedad\ertisements. Any link that
wasin our original list of image-linksbut was not presentin the
WebWashetprocessegagewas deemedan adwertisementby the
WebWashemethod.

Rediect is the simple heuristicmentionedabore that moni-
torsthird-partyredirects. As we mentionedijt is a someavhatnoisy
heuristic,meaningits accuray is lessthanhumans';but it canrun
in the backgroundwithout humaninput. Redirectuseda small
amountof Perl code,alongwith the lynx program?® to checkfor
redirectshatwentto top-level domaingdifferentfrom theoriginat-
ing page.

Learn-WWis our tree-basedJRL algorithm,trainedon Web-
Washers output TheURL providedthetree-structur@sdiscussed
in Section2.1, and WebWashemrovided the labelingfor the leaf
nodes.

Learn-RDis our tree-basedJRL algorithm,trainedon Redi-
rect The methodfor training Learn-RD s identical to that of
Learn-WW exceptthatthe RD (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-RD off-line periodically with RD, allowing for a fast ad-
blocker thathasbeentrainedby the RD heuristic. We might also
hopethatthe learnercould nd a generalrule thatignoredcertain
RD errorssobecamemoreaccuratehanthe heuristic.

4.2 Testingand Training Data

In the previous sub-sectiorwe describeda variety of algorithms
designedo labelwhetherthe links on a pagecontainedad\ertise-
mentsor not. In this sectionwe describenow we acquiredraining
andtestingdata.

http://www Webwashercom/client/danload/private use/inde. html
Shttp://lynx.og



Top 25 Sites | 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 Januan2002. Empiricalevidenceshavs theaver-
ageuserspendsll theirtime onasmallnumberof thelargestsites.
We felt thatblockingadsof thelargest25 Webpropertiesvould be
bothrepresentate andbene cial to mary, if notmost,users.

We crawled througha given Web site, randomlypicking eleven
pagedinkedfrom thefront pagethatsharedheir top-level domain
with thefront page.

Thelinks onthoseelevenpagesalongwith thelinks onthefront
pageweredividedrandomlyinto asix-pagetrainingandasix-page
testset. EachWeb site wentthroughthe randomtraining andtest-
ing twice. WebWasherand Redirectclassi ed eachlinked image
in thetraining group,andthoseclassi cations,alongwith the link
URL, wereusedto train Learn-WWandLearn-RDrespectiely.

Next, all four classi erswereappliedto thelinkedimagesonthe
testgroup.If all four classi ersagreedhatanimagewaseitheran
ador all agreedt wasnotanad,they wereall deemedo have clas-
si ed theimagecorrectly Spot-checksuggestedhat agreement
betweenall methodsalmostalwaysleadto the correctprediction.
If onetechniquedisagreedwith the others,we manuallyjudged
whethertheimagewasreally anador not.

4.3 Experimental Results

In total, 2696 imageswere classi ed, and all four classi ers
endedup with an averageclassi cation accurag acrossall sites
of within a quarterpercentof 93.25%(seeTable 4.3). The rst
columncontainsaverageerror ratesfor the 25 sites,with standard
deviationsin parenthesesStandardieviationsarebasedn site-to-
site comparisons.The overall falsenegative rates(labelingan ad
ascontent)andfalsepositive rates(labeling contentas ads)were
approximately26% and 1%, respectiely, andthatwasfairly con-
sistentbetweerall the classi ers. Note thatthe mistaleswerebi-
asedowardfalseneggatives,which meangheclassi erslet through
someads,but rarely blocked content. This is probablythe appro-
priatebehaior for anad-blocler.

Table 4.3 also shawvs datafor speci c sites. On varioussites,
trainersbeatlearnerweathercom);andlearnerseattheirtrainers
(looksmart.com). Thus learnersare not exact imitations of their
trainers but on averageendup with the sameaccurag rates.

Thestandardleviationsof thefour classi ersarerelatively large
becauserrorstendto clusterarounda few Websites.WebWasher
for example, doespoorly marking adson euniverse.comwhich
usesdifferentdimensiondor its adimagesthanmary sites. Redi-
rectdoespoorly on portalsandinternalads.For example,Redirect
would notlabela New York Timesad\ertisemenfor its own news-
paperasanadwertisement.

It is possiblefor thelearnergo generalizeio betterperformance
thanthe trainers. For example,all of the New York Timesadwer
tisementsarein afew URL directories.Thus,a few incorrectex-
amplesfrom Redirectareignoredin favor of the larger numberof

Shttp://www,jmm.com/xp/jmm/press/MediaMetrigp50.xml

correctexamples;the learnercorrectly“overrides”Redirect.Con-
versely the learnerscanalsogeneralizencorrectly;if the trainers
arealittle morewrongthanright, thelearnersendup generalizing
in thewrongdirectionandconsistentlymis-labelingthelinks. Such
problemshappenean theweathercomWebsite.

The Redirectheuristicworked well; its accurag wasnot statis-
tically differentfrom the commercialad-blockingprogram. Redi-
rect's simplicity suggestghat, for now, thatit is correctlyunder
standingthe mechanismsy which most sitessene up ads(i.e.
throughthird partyredirects). Thatmechanisntancertainlychange,
but suchchangesvould be harderfor adwertiserso make thansim-
ply changinghead\ertisemensizeswhich canfoil WebWasherat
times.

TheURL treeseemedo beagoodfeaturefor ad-blocking.Both
WebWashers and Redirects rulesseemedo be capturedn mary
casesby the presenceor absenceof a single speci ¢ URL pre-

x. Hadthe URL beena poorfeature,onewould expectthe tree-
learningbasedad-bloclersto form morecomplex hypothesesand
have muchlower accuracies.

A spot-checlof randomsites(usingarandomlink generatotike
www.mangle.casuggestghat the URL featureworks even bet-
ter on smallersitesthanlarger sites,becausesmallersitestendto
usethird party adertiserswhoseURLSs arealmostentirely usedto
sene adwertisementsljk e doubleclick.com.

Wewishto make afew pointsaboutour results.First,our Learn-
RD algorithmachieved performancecomparablego a commercial
ad-blocler, without needingcomple, hand-writtenrules. In fact
oursystenperformsbetterin somerespectsMostad-blockingsys-
temsdo notremove text-basedads(ads,for example placedwithin
searchengineresults),while both Redirectandour learnertrained
on Redirectactsno differently for image-baseddsandtext-based
ads. Second,we amuethat our ad-blockingclassi er will adapt
in thelong termbetterthana staticversionof WebWashey sinceit
canupdaterulesnightly withoutarny humaninput. Of coursejn the
adwersarialworld of adwertisementsit is probablethatthis system,
too,would bedefeatedf it becameavidespreadanadwertisercould
deliberatelyobfuscateheir URLs. Third, we point out that unlike
the black andwhite “redirect” heuristic,our learnergivespagesa
rangeof “blackness”scores.It canthusbetunedto tradeoff false
positivesandfalsenegativesdependingon theusers preference.

5. RECOMMEND ATION EXPERIMENTS

In theprevioussectionon Ad blocking,we shavedthatmachine
learningon tree-basedeaturescould matchor outperformhand-
codedrules(WebWasherjandaninef cient heuristic(Redirect).In
this section,we demonstrat¢hattree-basedearningcanalsoout-
performclassi cationalgorithmshasedon traditionaltextual (and
other)features.As we mentionedn the introduction,our goal is
to build real-world Web systemghatsave time andeffort on behalf
of users.Oneof thosesystemsavasa recommendatiosystemde-
signedto nd interestinglinks customizedo individual users.In
this section,we describethe systemand discussexperimentswe
performedto judgetheeffectivenesf sucha system.

We ran a userstudy on 176 Web participantsto get real news
storydatafrom users We asled participantgo click onary stories
they normallywould read,andconductedexperimentsnto thebest
algorithmsfor predictingtestclicks on new pagesgiven training
clicks on previous pages.

Overall ourtwo treealgorithmsperformedwell, evenagainsthe
supportvector machinewhich is commonlythoughtof asone of
the bestgeneral-purposkarningalgorithms. We shaved thatour
features,aloneor coupledwith our algorithms,can increasethe
accurag of classi cation. In thenext sub-sectiorf5.1) we describe



the set-upof the userstudy followed by a sub-sectior{5.2) on the
algorithmswe tried andtheir advantagesanddisadwantages.That
is followed with empirical resultsand analysisof our algorithms
(5.3).

5.1 UserStudy Set-Up

We performedastudyinvolving 176users.Userswerepresented
with 5 pagescontaininglinks to stories,andasledto click on the
links they would normally click on. The pageswerevisually unal-
teredreplicasof pagesdownloadedfrom the Web, consistingof 5
consecutie daysworth of TheNew York Timesfront page(Septem-
ber 15ththrough19th, 2003). The pagesanduserstudyare avail-
ablefrom our sener’. Basedon the submittedemail addressesf
the participants,the usersencompassed broadrangeof people
from throughouthe world.

In orderto encourage large numberof participantswe made
the experimentseasyto completeandgave nancial incentvesfor
doing the experiments.The experimentwasentirely conductedn
onesessioron the Web, by usingcachedcopiesof the ve pages
mentionedabore.

Someusersdid not completethe study anda small numberof
othersdid not click on ary links; thesewere discardedfrom the
studyandarenot considereghartof the 176-useisampleset.

Eachclick on alink within the userstudywould placea check-
markin a check-boxcorrespondingo thatlink, andwhenthe user
submittedthe page,a list of all the clicked (andun-clicked) links
was notedon the sener. The clicked (andun-clicked) links were
usedto generatepositive and negative exampleswith a variety of
featuregnext subsectionyvhich werethenmadeavailableto vari-
ouslearningalgorithmsfor predictionof unseerclicks.

We choseTheNew York Timesasoneof the mostpopularnews
sitesin the world, meaningthat the contentof thosepageswas
broadly focused. We believe it is a representate of news sites
thatmary usersread.

5.1.1 Features

For eachlink on eachpage we collectedavariety of featuredor
usein our algorithms,to the extent practicable.For eachlink, we
have acopy of thelink' sURL, theanchortext of thelink, theposi-
tion of thatlink in the tablestructureof the page,andthefull text
of thearticle. In total therewere1105links acrosshe ve page&.
Therearesomedif culties with collectingthe datafor every link,
particularlythetextual data.

For example,notevery link hasanchortext insideit, sincesome
links areonly images.Thereforewhenavailable,we took the “alt”
tagsto standfor the text. Even so, thereare several 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 referto databasedon the anchortext in thelink as
“Anchor”

It is evenmoredif cult to fetchall of thepageshehindthelinks.
For example, mary sites (including the oneswe chose)only al-
low registereduserswhich generallymeanghatthefetchingagent
needgo understandndrespondo cookies.Harderstill is follow-
ing the mary typesof redirectsand translatingproperly between
absoluteandrelative links. Also mary pagegagain,includingthe
pageswe chose) have Javascriptlinks thatrequirea Javascriptin-
terpreterto understandWe usedLynx asa browvser andwrotespe-
cial routinesto follow redirects,to automaticallylog in to the site
via cookies,andto translatebetweenabsoluteand relative links.

"http://daily-you.csail.mit.edu/data3

5The raw recommendatiordata and featuresare available at
http://www.ai.mit.edukai/recommendatiadataset.txt

While not perfect,we believe we gatheredas mary of the tamget
pagesas was reasonablypossible. We did not follow Javascript-
basedinks becauseve werenot aware of ary reasonablavay to
placea Javascriptparsemwithin Lynx.

Thereis alsoa problemof rights for visiting Web sites. Many
Web sites(including thosewe chose)do not allow spiderson the
pagesunderneatlthe homepage.Also, standarcetiquettesaysyou
may not dowvnload more than one pageevery ve seconds. We
followed the secondrule but not the rst sincethe rst malesit
impossibleto grabthefull text of articles. Oneoccasionatonse-
quenceof having aslightdelaybetweerdownloadingWebpagess
that sometimeghe pagesdisappeabeforedownloading. Though
wetriedto getasmuchof thepagesaspossible arounds5% of them
werenot download-ablefor thereasongivenabove. We will refer
to thedatabasednthefull text of thefetcheddocumengas“Doc.”

TheURL of thelink is comparatrely easyto read,asit is a pre-
requisiteto having ausabldink (andapre-requisitéo beingableto
downloadary pagesfor both our robotandfor a user). Thetable
structurethe links sitsin is slightly more dif cult, becaust re-
quiresparsingthe pageinto tableelementsbut every link hasa po-
sitionin thetablestructure.Both of thesedatasetsverecomplete:
i.e.,for everylink apersoncouldclick on, thereis a corresponding
URL “URL” andtableelementTable"thatlink satwithin.

To summarizetherewerefour basicfeaturesused:

Anchor: theanchortext within thelink.

Doc: thefull text of thewordsin thelinkeddocument

Url: the URL in aform thatretainsits paththroughthetree

Table: thelocationof thelink in thetable,in aform thatretains
its paththroughatree.

5.2 RecommendationAlgorithms

We tried several algorithmswith various datasetdabeledwith
eachusers click data. Thatis, for eachof the 1105 datapoints,
176differentcombination®of positive andnegative labellingswere
foundbasedn theusers empiricalnews selection.

We usedtwo “generalpurpose”classi ers, Naive Bayes“NB”,
[8] andthe supportvectormachine*SVM” [6], acrossall four of
thefeaturesets plusourtreelearnerTL” onthetwo tree-structure
featuresThatis, someof ourfeature/classi epairsgave the SVM
andNB classi ersthe sameURL andTablefeatureghetreealgo-
rithm used.

We chooseghe SVM becausé is consideredo beoneof thebest
general-purposdiscriminantclassi ers[11]. We useda standard,
fast,publicly availableimplementatiorcalledSVMFu [19].

In orderto give the various non-treealgorithms(SVM, Naive
Bayes)achanceo learnbasecbnthe URL andTabletree-features,
we took eachnodefrom the treeandtranslatedt into a “word' that
containednformationaboutthe pathto 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-
enizationinsteadf theobvioussplittingup of theURL into “words”
sothattherepresentatiomould still convey the exactpositionof a
nodein the tree,giving the non-treealgorithmsthe opportunityto
generalizen the sameway thatour tree-algorithmsnight. In par
ticular, two nodegthataredistantin thetreebut happerto have the
samewordswill, underour schemestill have completelydiffer-
enttokens. We believe thatthis hierarchicaktokenizationgivesthe
non-treealgorithmsafair chanceo exploit thesamefeaturesasour
tree. For example,if all “relevant” links arein a speci ¢ subtree,
the SVM canlearnthat classby identifying andclassifyingbased
onthetokenrepresentingheroot of thatsubtree.



Classi er TopRec | Top3 Recs| Top5Recs| 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 three,top ve, and top
ten highestscoring links. Bolded items have higher accuracies
than non-bolded items for a given column (statistical signi -

cancemethodologyis reportedin the Appendix).

5.2.1 TestEnvironmentParametes

Overallwetriedawide varietyof algorithmsonacross-alidated
setof TheNew York Timesdata.Fromour vedocumentsye used
thelinks on 4 of themfor training andthe links on the remaining
onefor testing,acrosall of thel76users.n total, this corresponds
to 182,325classi edlinks perexperiment(1105Timeslinks x 176
users).

We tried atotal of 10 differentalgorithmscorrespondindo mix-
turesof differentalgorithmsandfeatures:

Support Vector Machine (C=1): SVM-AnchorSVM-Doc SVM-
Url SVM-Table

Naive Bayes( = 1): NB-AnchorNB-Doc NB-Url NB-Table

TreelLearning ( = :2 = :05):TL-Url TL-Table

Thealgorithmswe usedrequiredspeci ¢c parametesettingshat
we describehereso the experimentscanbe replicated. We chose
Naive Bayesbecausat is a fast,commonmodel-basedlassi er
whosemodeldoesnot work well with treestructuresSpeci cally,
NB assumefdependencbetweerfeaturesvhereasmtreeimplies
certainstrict dependenciesfFor NB we usedan smoothingpa-
rameterof 1 [8].

The SVM requiredthe settingof a“C” parametethatmeasures
the outlier penalty We useda smaller portion of the testset (2
pages)to determinean optimal C parameteffor the four differ-
entfeaturesets. We tried C valuesof 1, 3, 5 and10. Acrossthe
four featuretypes(Link, Doc, Url, Table),C did not substantially
changeheresults sowe useda C parameteof 1. Otherparameters
includedsettingthe numberof cacherows to 3000 (this changed
speedbut not accurag) andsettingthe kernelto linear Both the
kernelandthe datawererepresenteds oating pointnumbers.

Weusedour TreeLearning(TL) algorithmonthetwo tree-structured

featuresUrl and Table. We setthe backward mutationrateto .2,

andcrossvalidatedthe forward mutationrate on the same2-page
training setwe usedfor the SVM. We tried forward mutationrates
of .05, .1, .15, .2, .25,and.3. In general lower forward mutation
ratesworked better sowe used.05in successie experiments.

5.3 RecommendationResults

On average,usersselectedhine links a day (out of an average
of 221 possibilitieseachday). Eachof the classi ers produceda

ranked list of recommendationfor eachuserandeachpage(one
pagerepresenteneday of stories).Resultsarewrittenin termsof
the numberof correctrecommendationacrossall usersandlinks
within the top recommendationtop threerecommendationsop

ve recommendationsand top ten recommendationsComplete
resultsare shavn in Table2. A perfectclassi er (secondrow)
would have achiezed 857 correctrecommendationehen produc-
ing onerecommendatioperday peruser(176 usergimes5 days;
asmallnumberof usersdid notclick on ary recommendationfor
somedays). A randomclassi er on the other hand,would have
donea (statistically)signi cantly worsejob thanary of thetrained
classi ers. Statisticalsigni cance is reportedin termsof a non-
parametricstatisticaltestfound in Hollanderand Wolfe [10] and
detailedin Shih[20].

Overall the bestperformingalgorithmwasthe treelearningal-
gorithm appliedto the URL feature which hadthe bestscoresfor
threeout of the four categyories. The secondbestalgorithmwasa
tie betweerthe SVM appliedto the URL featureandthetreelearn-
ing algorithmappliedto the tablefeature.Eachof theseperformed
well in differentcategories.

Rows 3 and4 (NB) and7 and 8 (SVM) shavs a comparison
betweenwo of thetext featureqAnchorandDoc) againstwo al-
gorithms(NB and SVM). In both casesthe anchortext provides
a muchbetterfeaturethanthe fetcheddocument text. This may
bebecaus¢heanchortext is supposedo containasummaryof the
documentandit is easierfor theclassi er to understanthesesum-
mariesthanthedocumentshemseles(perhapghe summariesise
asmallerfeaturesetthanthefull documentsorequirelesstraining
data).Thisis apositive resultfor text classi ersbecaus¢éheanchor
text is mucheasierto fetchthanthe targetdocumens text (which,
asmentionedbefore,canbeslow andcanbedif cult technicallyto
download). Thedifferencesreall statisticallysigni cant.

Rows 5, 9 and 11 (Tablefeature)and 6, 10 and 11 (URL fea-
ture) shaws the differencebetweenthe variousalgorithmson the
tree structuredfeatures. As mentionedpreviously, we “tree-i ed'
the featuresfor the bene t of NB andthe SVM so eachalgorithm
would be aware of the positionin the tree. The Bayes-netalgo-
rithm doesthe bestjob of taking advantageof the tree structured
features This maybepartially dueto its domainknowledgeof the
problem coupledwith arelatively smallamountof trainingdata.In
thosesituations,model-basedlassi ers often performbetterthan
discriminatie classi ers[16]. Thisis particularlytrueonthetable
featureswhich tendto be much atter thanthe URL: the depthof
thetabletreeis muchmoreconstanthanthedepthof the URL tree.
Thenext bestperformingalgorithmis the SVM, which generalizes
well consideringt hasno domainknowledge. The worstclassi er
on tree-structuredeaturesis NB. We believe this is becauseNB
assumedndependencbetweerfeatureswhile atreeactuallygen-
erateshighly dependenfieatureqagivenchild awayshasthesame
parent). The differencedfor 3, 5 and 10 recommendationareall
statisticallysigni cant betweerthe classi ers.

Rows 4, 10 and 12 shaws the bestfeaturegiven the variousal-
gorithmson our datasets.Naive Bayesneedgo usethetext-based
features(sinceit is unsuitablefor the tree-basedeatures)andas
discussedefore,the besttext-basedfeaturewas the anchortext.
Both the SVM andthe tree-learnedid beston the URL feature,
suggestinghatthe URL featureis agoodfeaturefor useonrecom-
mendatiorproblemslik e the onewe posed.The differencedor 3,
5 and 10 recommendationareall statisticallysigni cant between
theclassi ers.

An importantcaveatin ourresultsis thatour systemwasaiming
to learnwhat links a userwould click on, not what storiesa user
wouldenjoyreading It is perhapainsurprisinghatthe anchortext



is a betterpredictorof userclicks thanthe body, sincethe anchor
text is what usersactually seewhen making their click decision.
It is aninterestingopenquestionto evaluatethe ability of our tree
learnerto identify storiesthe userwould enjoy reading;this eval-

uationhowever would involve signi cantly moreoverheadsinceit

would requiretest subjectsto actually readall the articlesbeing
considerratherthanjust readingtheiranchors.

6.

CONCLUSIONS

We bgganwith the obserationthatthe properchoiceof features
canhave a signi cant impacton the performanceof classi cation
algorithms. SinceWeb site authorshave anincentie to organize
their materials for the sale of boththe authorandtheir audience,
we hypothesizethatthe URL of documentsindthephysicalplace-
mentof elementon a pagecould provide cluesinto the Website's
fundamentabrganization.

To take adwantageof this obseration, we notedthat URLs and
tablestructurecanbothbeviewed astrees,andthis facilitatedcer
tain machindearningalgorithms.Thesdearningtechniquesry to

nd correlationshetweencertainproperties(i.e., this documents
anad)with thedocument locationin eitherthe URL or tabletree.

We arguedthat our new featuresand learningwould produce
fast,goodclassi cationschemesWe gave empiricalresultsontwo
Web applications: an ad-blocler and a recommendatiorsystem.
We shaved that the ad-blocler could achiere commercial-grade
accurag without requiringary humaninputs. The recommenda-
tion resultsshaved that our tree-learningapproachoutperformed
corventionaltechniqguesand featureson real world news recom-
mendatiordata.

Ourtree-basealgorithmsexhibit awell-recognizedradeof be-
tweenspeci city andaccuray. Thetext-basedlassi erswe com-
paredourwork to arevery generalthe setof wordsthatcharacter
izesdocumentsinteresting”to a given useris not (very) speci ¢
to ary particularsite. Our URL classi er is site speci c—whatit
learnsaboutthe URLs of adsononesitewill notgeneralizeéo other
sites. Thus,it needgo train separatelyn eachsite,andwill make
no useful recommendationsntil suchtrainingis complete. Our
table-basedlassi eris evenmorespeci c, asit focuseonthelay-
out of a speci ¢ page,andrequirestraining dataspeci cally from
thatpagein orderto make recommendations.
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