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Abstract

Webpage classificatioris significantlydifferentfromtra-
ditional text classificationbecausef the presenceof some
additional information, provided by the HTML structue
and by the presenceof hyperlinks. In this paperwe ana-
lyzethesepeculiaritiesandtry to exploit themfor represent-
ing webpagesin order to improve categorizationaccuracy.
We conductvarious experimentson a corpusof 8000doc-
umentsbelongingto 10 Yahoo! cateyories, using Kernel
Perception and Naive Bayesclassifies. Our experiments
showthe usefulnes®f dimensionalityreductionand of a
new, structue-orientedweightingtechnique We also in-
troducea new methodfor representinglinked pagesusing
local informationthat maleshypertet categorizationfeasi-
ble for real-timeapplications.Finally, we observethat the
combinationof the usualrepresentatiorof webpagesusing
local wordswith a hypertextual onecanimprove classifica-
tion performance

1. Intr oduction

An HTML documentis much more thana simple text
file. It is structuredandconnectedvith otherHTML docu-
ments.While a greateffort hasbeenmadeto exploit hyper
links for classificationthestructurechatureof webpagess
rarelytakeninto accountWe try to find anefficientmethod
for representingvebpagesonsideringyoththesepeculiar
ities. In Section3 we analyzesometechniquesgor webpage
representationin Section4 we examinethe problemof di-
mensionalityreduction. In Section5 we suggest weight-
ing techniquefor exploiting HTML structure.Iln Section6
we point outthatmostmethodsof hypertextual cateyoriza-
tion areunfeasibldor real-timeclassificatiorandintroduce
a new representationechniquefor linked documentghat
doesnotrequireto downloadthem.Finally, in Section7 we
composea hypertetual representatiof web pageswith
thelocal oneandexperimentallyevaluateit.

2. Experimental setup

For our experimentswe useda corpusof 8000 docu-
mentsbelongingto 10 Yahoo! cateyories.All thecategories

considerediresubcatgoriesof the catggory Sci ence.
We performedour experimentsusing two differentclassi-
fiersto verify the robustnesf the techniquesasidefrom
thealgorithmused.We useda probabilisticclassifiercalled
NaiveBayed1] andaperceptron-basetlassifierusingker
nel functionscalledKernel Perception [2] (or, simply, Per-
cepton). We useda linear kernelin all the experiments
excepttheoneof Section?.

The resultsof the experimentsare averagesof 6 random
test/trainingsplits of the dataset. The evaluationis per
formedin termsof micro-aveiaged F; (F}') [3].

3. Textsourcesfor web pagerepresentation

Web pagescanbe representedh variousways. Maybe
the simplestway to represent web pageis to extractthe
text found within the BODY element. This representation
doesnot exploit the peculiaritiesof web pagesj.e. HTML
structureandthe hypertectual natureof webpages.

3.1. HTML structure

By exploiting HTML structure[4] for web pagerepre-
sentatiorwe canchoosehow atermis representatie of the
pageconsideringheHTML elemenit is presentn. For ex-
ample we canrepresenawebpageusingonly thewordsof
thetitle, thatis to saythe wordsextractedfrom the TI TLE
element.

For obtaininggoodperformancén webpagerepresentation
exploiting HTML structureis importantto know wherethe
morerepresentatie words canbe found. For example,we
canthink thataword presenin the Tl TLE elementis gen-
erally morerepresentatie of the documents contentthana
word presenin the BODY element.

We testedfive differenttext sourcedor web pagerepresen-
tation,namely:

e BODY, the contentof the BODY tag;

o META, the meta-descriptionf the META tag;
e TITLE, thepagestitle;

e MT, theunionof META andTITLE content;



Table 1. Classification performance (F}') for
various representations of web pages

| cLassiFier || Booy | meta [ TiTLE | mT | BWMT |
NAIVE BAYES || 0.4455 | 05374 | 0.4015 | 0.5587 | 0.5086
PERCEPTRN || 0.4075 | 0.4727 | 0.3707 | 0.4996 | 0.4691

e BMT, theunionof BODY, META andTITLE content.

In this experimentwe usedonly the documentsof our

datasethathadarepresentatiofor all theabove-statedext

sourcesThisnew datasetvasmadeof only about2500web
pagespecausenostof web pageshadnot a metadescrip-
tion.

Experimentatesults(seeTablel) shav thatusingthe meta
descriptionandthetitle for representingveb pagesresults
in the bestclassificationperformancewith both classifiers,
while addingthe BODY contentdecreaseglassification
performance.Theseresultsare analogoudo Pierres ones
[5] andconfirmtheintuition thatmetatagsneettherequire-
mentsof goodtext featurefor automatedext classification
betterthanothersourcesof text. Unfortunately the major

ity of web pageshasnot a meta-descriptionFor example,
in the setof documentswve usedfor our experimentsonly

onepageout of threehassucha description.So, we must
representvebpagesusingthetext presenin the BODY tag,

finding a way to exploit, when present,the metadescrip-
tion. In Section5.2 we expounda weightingtechniquethat

canhelpachieving this end.

3.2 The hypertextual nature of web pages

Anotherway for representinga web pageis to use,in-
steadof the documents content,the contentof the linked
webpagesA similartechniquevasusedby Chakrabartet
al. [6] for the classificationof patentswherethe citations
betweerpatentavereconsideredshyperlinks.They tested
a naive way of usinghypertetual informationconsidering
the words in linked patentsas they werelocal. This ap-
proachdecreasedlassificatioraccurag.

FurnkranZ7] tried to represenpagesusingin-link instead
of out-link information. In his experimentsthe target page
wasrepresentedsingtheanchomwordsandthewordsnear
themon all the pagesthat pointedto it. This approachin-

creasedtlassificationaccuray. However, this techniqueis

difficult to implementbecausegenerallyit is notpossibleto

find a setof pageghatpointto thetargetpage.

Moreover, boththesetechniquesequirein-link or out-link

pagesto be downloaded,thenthey are much more time-

consuminghanusualrepresentatiotechniquesin Section
6.2we expoundarepresentatiotechniquefor out-link web

pageshatdoesnot requirelinked pagesto be downloaded
from theweh

3.3. Combining local and hyperlink representa-
tion

Joachimset al. [8] tried to combine the usual rep-
resentationof web pagesbasedon local words with a
hypertextual one basedon the co-citation matrix (called
the co-link matriX) of the set of web pages. They
used an SVM (Support Vector Machines) [9] classifier
using one kernel for each representationand combin-
ing kernelswith the techniquecalled CompositeKernels
Their experimentswere performedon the WebKB dataset
(http://wwcs.cmu.edu/™@bKB)/). Their experimentalre-
sultsshavedthatcombiningthesedifferentrepresentations
of webpagedmprovedclassificatioraccurag comparedo
usingthesinglerepresentationdn particular thehyperte-
tual representatiothey usedseemedo performbetterthan
the oneusinglocal words. However, it is notevorthy that
the hyperlinkrepresentatiobasedon the co-link matrix is
feasibleonly with a setof web pagegich in innerlinks as
the datasethey used. In Section7 we expounda method
for combiningthe local representatioof web pageswith
a hypertextual onethatis fastandfeasiblefor every setof
web pageswithout requiringto downloadthe linkedpages.

4. Dimensionality reduction

Generallythe high dimensionalityof theterm spacecan
malke the classifierrun slowly andincreaseoverfitting, i.e.
the phenomenorby which the classifiertendsto perform
well on reclassifyingthe examplesof the training setand
badly on classifyingnen examples. In this setof experi-
mentswe considetwo differentapproachet thereduction
of the dimensionalityof the featurespacen the context of
webpageclassification.

4.1. Feature selectiontechniques

Featureselectiontechniqued10] aim at decreasinghe
size of the vocalulary without diminishing classification
accurag. We testedthreedifferentfeatureselectiontech-
nigues,namely

e information gain, an information-theoreticfunction
thattries to keeponly the termsdistributed more dif-
ferently in the setsof positive and negative examples
of the cateyories;

¢ word frequency that consistsin removing termsthat
occurlessthann timesin thetrainingset;

¢ docfrequencythatconsistdn removing termsthatoc-
curin lessthann examplesof thetrainingset.
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Figure 1. Feature selection: classification
performance (F}') of the Naive Bayes classifier
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Figure 2. Feature selection: classification
performance (F}") of the Perceptron classifier

We performclassificationusingthe samenumberof terms
selectedby thesethreemethods.
Experimentaresults(seeFiguresl and2) shav thatinfor-
mation gain outperformsthe other methodsandincreases
significantlyclassificatioraccuray with bothclassifieraus-
ing very few terms(only 1.0000r 500insteadof 131.730).

4.2 Latent Semantic Indexing (LSI)

A differentapproacHor thereductionof thedimension-
ality of thetermspaceis to infer, from the original termby
documenmatrix, a new termby documenimatrix in which
termsareno moreintuitively interpretablebut canexpress
the latentsemanticof the documents.The techniqueused
is calledLatentSemantidndexing (LSI) [11].

We testedthis techniquewith a numberof abstractermsk

varying from 50to 300usingonly the Perception classifier
because¢he NaiveBayesprogramwe useddid notallow us-
ing this representation.

Experimentatesults(seeTable2) shav thatLSI obtainsthe
bestperformancevith 200terms,andoutperformghefea-
tureselectionrmethodgestedabove.

Table 2. LSI: Classification performance (F}) of
the Perceptron classifier

| NUMBEROFTERMS(k) || FI* |
300 0.5826
250 0.5087
200 0.6050
150 0.5066
100 05774
50 0.5200

5. Weighting techniques
5.1. Termfrequency (TF)

Thebaselinemethodfor computingthe weight[12] of a
termin adocuments to countthenumberof timestheterm
occursin thedocumentThis methodis usuallycalledTerm
FrequencyT F'), andis definedby thefunction

where#(t;,d;) denotesthe numberof timesthe term¢;
occursin thedocument;.

5.2. Structure-oriented Weighting Technique (SWT)

Term Frequencydoesnot exploit the structuralinforma-
tion presentin HTML document. For exploiting HTML
structurewe mustconsidemot only the numberof occur
rencesof termsin documentsut alsothe HTML element
the termsarepresentn. Theideais to assigngreaterim-
portanceto termsthatbelongto the elementghataremore
suitablefor representingveb pageqthe META andTI TLE
elementsseeSection3.1). A similar approachwassome-
times usedin text cateyorization for assigninga greater
weightto wordsbelongingto the documents title [13] but
thisweightingtechniquewvasneverformally defined.

We call this weighting methodStructue-orientedWeight-
ing Technique(SWT) It is definedby the function

SWTw(ti,dj) = Z (w(ek) . TF(ti,ek,dj))

€k

whereey, isanHTML elementw (e ) denotesheweight
we assignto the elemente;, andT F'(¢;, ek, d;) denoteghe
numberof timestheterm¢; is presenin the elemente;, of
theHTML documentd;.
Term Frequencyis a particularcaseof SWTin which the
weight1 is assignedo every element.
In our experimentswve definedthew functionas:

(e) = a ife=METAore=TITLE
W=7 1 elsavhere



Table 3. Classification performance (F}) of the
Perceptron classifier with SWT,(a)

WEIGHTING NUMBER OF SELECTEDTERMS
TECHNIQUE 500 | 2.000 | 8.000 | 50.000 | 131.730
TF 05012 | 0.5826 | 0.5441] 05238 | 0.529

SWT(a=2) || 0588 | 0.5812 | 0.5556 | 0.5364 | 0.5285
SWT(a=3) || 05993 | 05902 | 0.5607 | 0.5408 | 0.5394
SWT(a=4) || 0.5084 | 05923 | 0.5632 | 0.5414 | 0.5366
SWT(a=6) || 05046 | 0.5805 | 0.5748 | 0.5444 | 0.531

Table 4. Classification performance (F}) of the
Naive Bayes classifier with SWT,(«a)

WEIGHTING NUMBER OF SELECTEDTERMS
TECHNIQUE 500 | 2.000 [ 8.000 | 50.000 | 131.730
TF 0.6298 | 0.6232 | 05979 | 0.5623 | 0.5569
SWT(a=2) || 06327 | 0.6318 | 0.6111 | 05739 | 0.5591
SWT(a=3) || 0.6465 | 0.6397 | 0.6202 | 0.5825 | 0.5653
SWT(a =4) || 06407 | 0.6458 | 0.6217 | 0.5790 | 0.5733
SWT(a =6) || 0.6458 | 0.6506 | 0.6359 | 0.5879 | 0.5713

We testedSWTwith o = 2, = 3 ,a = 4 anda = 6
andcomparedt to the standardl'F. Eachof the described
techniguesvasevaluatedn combinationwith a featurese-
lectionbasedn theterms’informationgain.
Experimentalresults(seeTable 3 and Table 4) shav that
Structue-oriented\eightingTechnique(SWT)canimprove
classificationaccuray assigningo META andTI TLE ele-
mentsa greaterweightthanto the otherelements.In par
ticular, SWT obtainsits bestresultswith a = 3 with the
Perception classifierandwith a = 6 with NaiveBayes

6. Link ed pagesrepresentation
6.1 Hypertext categorization

In the last few yearsvarioustechniqueshave beende-

velopedto exploit the hypertextual natureof web pages.
Thesetechniquesusethe hypertetual informationin var-
ious ways, but they all needto downloadthe linked pages
from the weh This operationinevitably slows down the
classificationmakingthesetechniquesinfeasibl€or those
applicationsin which the classificationresultmustbe im-
mediatlyavailable.
We tried to developa new kind of representatioffor linked
pagesthat makes useof merelylocal information, so that
the hypertextual natureof webpagescanbe exploitedeven
in real-timeclassification.

6.2. Link edpagesrepresentationusinglocalinfor-
mation

The ideais to exploit HTML structure[4] for repre-
senting linked pageswithout having to download them.
More specifically we areinterestedn the contentof the A
elementHereis anexampleof its use:

<A href="./php. ht i ">PHP tutori al </ A>

In this example, the A elementis usedto link the cur

rentpageto anothemage. Userscanunderstandvhat the
linked pagetalks aboutby meansof the contentof the A

elementthatis”PHP tut ori al .

When a developerlinks a pageto his pages,he tries to

explain with few words the contentof the linked page
usingthe A tag. We canassumehatthe wordsusedin this
descriptionare closeto the subjectof the linked page,and
thenwe canusethis descriptionfor representinghelinked
pagewithout having to downloadit.

7. Combining local and hyperlink representa-
tion

In Section3.3 we briefly reportedhow Joachimset al.
[8] combinedthe local representatiorof web pageswith
a hypertectual one basedon the co-link matrix, improving
classificatioraccurag. Theirhypertextualrepresentatioof
webpagess very powerful but unfeasiblefor setsof pages
lacking in innerlinks. We introducea new representation
of webpagesxploiting hyperlinksthatdoesnotrequirethe
linkedpagedo bedownloadedandthatis usablewith every
setof pages.

7.1. Simple hypertextual representation

A simpleway for representingveb pagesxploiting hy-
perlinksis to representocumentsisingthe contentof the
linked pages.The rationaleis to represenpageshy means
of the type of page”they arelinkedto. Furthermorelinked
pagesanberepresentedsinglocal wordsby meanwof the
techniqueexpoundedin Section6.2. This representation
methodis surelylesspowerful thanotherhypertextual ones
[6, 7, 8, 14], but canbe usedfor real-time catayorization
andis feasiblefor every setof webpages.

7.2. Combination of local and hypertextual repre-
sentationsusing Composite Kernels

We usedCompositeKernels(seeSection3.3) for com-
bining the usualrepresentationf webpagesasednlocal
wordswith the simplehypertextual oneof Section7.1. The
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Figure 3. Classification performance (F}") of the
Perceptron classifier with Composite Kernels

kernelwe usedwas

K(.’L’,y) = /\Kl(xay) + (1 - )‘)KZ(may) ) A € [05 1]

We usedthe kernel K; for the hypertextual representation
and K, for thelocal one.

Experimentalresults(seeFigure 3) shaw that, in spite of
the mediocreperformanceof the simple hypertextual rep-
resentationassigninga value nearto 0.2 to the weight A
improvesclassificatioraccurag, confirmingthe usefulness
of thecombinatiorof standardandhypertextual representa-
tions.

8. Conclusionsand futur e work

We obsened that the combinationof hypertextual and
local representationef web pagescanimprove classifica-
tion accuray. Therepresentatioof linked pageswe intro-
ducedcan be usedfor the implementationof much more
powerful hypertextual techniqueshan the one we tested.
Furthermore,Structue-orientedWeighting Technique can
berefinedfor obtainingbetterrepresentations.
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