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Abstract

Webpageclassificationis significantlydifferentfromtra-
ditional text classificationbecauseof thepresenceof some
additional information, provided by the HTML structure
and by the presenceof hyperlinks. In this paperwe ana-
lyzethesepeculiaritiesandtry to exploit themfor represent-
ing webpagesin order to improvecategorizationaccuracy.
We conductvariousexperimentson a corpusof 8000doc-
umentsbelongingto 10 Yahoo! categories, using Kernel
Perceptron and Naive Bayesclassifiers. Our experiments
showthe usefulnessof dimensionalityreductionand of a
new, structure-orientedweightingtechnique. We also in-
troducea new methodfor representinglinked pagesusing
local informationthatmakeshypertext categorizationfeasi-
ble for real-timeapplications.Finally, weobservethat the
combinationof theusualrepresentationof webpagesusing
local wordswith a hypertextualonecanimproveclassifica-
tion performance.

1. Intr oduction

An HTML documentis much more thana simple text
file. It is structuredandconnectedwith otherHTML docu-
ments.While agreateffort hasbeenmadeto exploit hyper-
links for classification,thestructurednatureof webpagesis
rarelytakeninto account.Wetry to find anefficientmethod
for representingwebpagesconsideringboththesepeculiar-
ities. In Section3 weanalyzesometechniquesfor webpage
representation.In Section4 we examinetheproblemof di-
mensionalityreduction.In Section5 we suggesta weight-
ing techniquefor exploiting HTML structure.In Section6
we point out thatmostmethodsof hypertextualcategoriza-
tion areunfeasiblefor real-timeclassificationandintroduce
a new representationtechniquefor linked documentsthat
doesnot requireto downloadthem.Finally, in Section7 we
composea hypertextual representationof web pageswith
thelocaloneandexperimentallyevaluateit.

2. Experimental setup

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

consideredaresubcategoriesof thecategoryScience.
We performedour experimentsusing two differentclassi-
fiers to verify the robustnessof the techniquesasidefrom
thealgorithmused.Weusedaprobabilisticclassifiercalled
NaiveBayes[1] andaperceptron-basedclassifierusingker-
nel functionscalledKernelPerceptron [2] (or, simply, Per-
ceptron). We useda linear kernel in all the experiments
excepttheoneof Section7.
The resultsof the experimentsare averagesof 6 random
test/trainingsplits of the dataset. The evaluation is per-
formedin termsof micro-averaged

���
(
����

) [3].

3. Text sourcesfor webpagerepresentation

Web pagescanbe representedin variousways. Maybe
the simplestway to representa web pageis to extract the
text found within the BODY element. This representation
doesnot exploit thepeculiaritiesof webpages,i.e. HTML
structureandthehypertextualnatureof webpages.

3.1. HTML structure

By exploiting HTML structure[4] for web pagerepre-
sentationwecanchoosehow a termis representativeof the
pageconsideringtheHTML elementit is presentin. For ex-
ample,wecanrepresentawebpageusingonly thewordsof
thetitle, that is to saythewordsextractedfrom theTITLE
element.
For obtaininggoodperformancein webpagerepresentation
exploiting HTML structureis importantto know wherethe
morerepresentative wordscanbe found. For example,we
canthink thataword presentin theTITLE elementis gen-
erally morerepresentativeof thedocument’scontentthana
wordpresentin theBODY element.
We testedfivedifferenttext sourcesfor webpagerepresen-
tation,namely:� BODY, thecontentof theBODY tag;� META, themeta-descriptionof theMETA tag;� TITLE, thepage’s title;� MT, theunionof META andTITLE content;



Table 1. Classification perf ormance (
���� ) for

various representations of web pages

CLASSIFIER BODY META TITLE MT BMT

NAIVE BAYES 0.4455 0.5374 0.4015 0.5587 0.5086

PERCEPTRON 0.4075 0.4727 0.3707 0.4996 0.4691

� BMT, theunionof BODY, META andTITLE content.

In this experiment we used only the documentsof our
datasetthathadarepresentationfor all theabove-statedtext
sources.Thisnew datasetwasmadeof only about2500web
pages,becausemostof webpageshadnot a metadescrip-
tion.
Experimentalresults(seeTable1) show thatusingthemeta
descriptionandthe title for representingwebpagesresults
in thebestclassificationperformancewith bothclassifiers,
while adding the BODY contentdecreasesclassification
performance.Theseresultsareanalogousto Pierre’s ones
[5] andconfirmtheintuition thatmetatagsmeettherequire-
mentsof goodtext featuresfor automatedtext classification
betterthanothersourcesof text. Unfortunately, themajor-
ity of webpageshasnot a meta-description.For example,
in the setof documentswe usedfor our experimentsonly
onepageout of threehassucha description.So,we must
representwebpagesusingthetext presentin theBODY tag,
finding a way to exploit, whenpresent,the metadescrip-
tion. In Section5.2we expounda weightingtechniquethat
canhelpachieving this end.

3.2. The hypertextual nature of webpages

Anotherway for representinga web pageis to use,in-
steadof the document’s content,the contentof the linked
webpages.A similar techniquewasusedby Chakrabartiet
al. [6] for the classificationof patents,wherethe citations
betweenpatentswereconsideredashyperlinks.They tested
a naive way of usinghypertextual informationconsidering
the words in linked patentsas they were local. This ap-
proachdecreasedclassificationaccuracy.
Furnkranz[7] tried to representpagesusingin-link instead
of out-link information. In his experimentsthe targetpage
wasrepresentedusingtheanchorwordsandthewordsnear
themon all the pagesthatpointedto it. This approachin-
creasedclassificationaccuracy. However, this techniqueis
difficult to implementbecausegenerallyit is notpossibleto
find a setof pagesthatpoint to thetargetpage.
Moreover, both thesetechniquesrequirein-link or out-link
pagesto be downloaded,then they are much more time-
consumingthanusualrepresentationtechniques.In Section
6.2weexpoundarepresentationtechniquefor out-link web

pagesthatdoesnot requirelinkedpagesto bedownloaded
from theweb.

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://www.cs.cmu.edu/˜WebKB/). Their experimentalre-
sultsshowedthatcombiningthesedifferentrepresentations
of webpagesimprovedclassificationaccuracy comparedto
usingthesinglerepresentations.In particular, thehypertex-
tual representationthey usedseemedto performbetterthan
the oneusinglocal words. However, it is noteworthy that
thehyperlinkrepresentationbasedon theco-link matrix is
feasibleonly with a setof webpagesrich in inner links as
the datasetthey used. In Section7 we expounda method
for combiningthe local representationof web pageswith
a hypertextual onethat is fastandfeasiblefor every setof
webpageswithout requiringto downloadthelinkedpages.

4. Dimensionality reduction

Generallythehigh dimensionalityof thetermspacecan
make the classifierrun slowly andincreaseoverfitting, i.e.
the phenomenonby which the classifiertendsto perform
well on reclassifyingthe examplesof the training setand
badly on classifyingnew examples. In this setof experi-
mentsweconsidertwo differentapproachesto thereduction
of thedimensionalityof thefeaturespacein thecontext of
webpageclassification.

4.1. Feature selectiontechniques

Featureselectiontechniques[10] aim at decreasingthe
size of the vocabulary without diminishing classification
accuracy. We testedthreedifferentfeatureselectiontech-
niques,namely� information gain, an information-theoreticfunction

that tries to keeponly the termsdistributedmoredif-
ferently in the setsof positive andnegative examples
of thecategories;� word frequency, that consistsin removing termsthat
occurlessthan � timesin thetrainingset;� docfrequency, thatconsistsin removing termsthatoc-
cur in lessthan � examplesof thetrainingset.



Figure 1. Feature selection: classification
perf ormance (

���� ) of the Naive Bayes classifier

Figure 2. Feature selection: classification
perf ormance (

���� ) of the Perceptron classifier

We performclassificationusingthesamenumberof terms
selectedby thesethreemethods.
Experimentalresults(seeFigures1 and2) show that infor-
mationgain outperformsthe othermethodsand increases
significantlyclassificationaccuracy with bothclassifiersus-
ing very few terms(only 1.000or 500insteadof 131.730).

4.2. Latent Semantic Indexing (LSI)

A differentapproachfor thereductionof thedimension-
ality of thetermspaceis to infer, from theoriginal termby
documentmatrix,a new termbydocumentmatrix in which
termsareno moreintuitively interpretablebut canexpress
the latentsemanticsof thedocuments.Thetechniqueused
is calledLatentSemanticIndexing (LSI) [11].
We testedthis techniquewith a numberof abstractterms �
varyingfrom 50 to 300usingonly thePerceptron classifier
becausetheNaiveBayesprogramweuseddid notallow us-
ing this representation.
Experimentalresults(seeTable2) show thatLSI obtainsthe
bestperformancewith 200terms,andoutperformsthefea-
tureselectionmethodstestedabove.

Table 2. LSI: Classification perf ormance (
���� ) of

the Perceptron classifier

NUMBER OFTERMS( � ) 	�
�
300 0.5826

250 0.5987

200 0.6050

150 0.5966

100 0.5774

50 0.5200

5. Weighting techniques

5.1. Term frequency (TF)

Thebaselinemethodfor computingtheweight[12] of a
termin adocumentis to countthenumberof timestheterm
occursin thedocument.Thismethodis usuallycalledTerm
Frequency( 
 �

), andis definedby thefunction
 ��������������������� �����!�"���
where

����� � ��� � �
denotesthe numberof times the term

� �
occursin thedocument

� �
.

5.2. Structure-oriented Weighting Technique (SWT)

TermFrequencydoesnot exploit thestructuralinforma-
tion presentin HTML document. For exploiting HTML
structurewe mustconsidernot only the numberof occur-
rencesof termsin documentsbut alsothe HTML element
the termsarepresentin. The ideais to assigngreaterim-
portanceto termsthatbelongto theelementsthataremore
suitablefor representingwebpages(theMETA andTITLE
elements,seeSection3.1). A similar approachwassome-
times used in text categorization for assigninga greater
weight to wordsbelongingto thedocument’s title [13] but
thisweightingtechniquewasnever formally defined.
We call this weightingmethodStructure-orientedWeight-
ing Technique(SWT). It is definedby thefunction#%$ 
'& � �����������%�)( *,+)-/.0��1 � �32 
 �������4�!1 � �������,5

where
1 � isanHTML element,

.0�61 � �
denotestheweight

we assignto theelement
1 � and 
 ����������1 � �!�"���

denotesthe
numberof timestheterm

���
is presentin theelement

1 � of
theHTML document

���
.

Term Frequencyis a particularcaseof SWT in which the
weight 7 is assignedto everyelement.
In our experimentswe definedthe

.
functionas:.0�618�9�;:=< if

1
= META or

1
= TITLE7 elsewhere



Table 3. Classification perf ormance (
���� ) of the

Perceptron classifier with
#%$ 
'& � < �

WEIGHTING NUMBER OFSELECTEDTERMS

TECHNIQUE 500 2.000 8.000 50.000 131.730> 	 0.5912 0.5826 0.5441 0.5238 0.529?A@ >CBEDGF�H!I
0.588 0.5812 0.5556 0.5364 0.5285?A@ >CBEDGF�J!I
0.5993 0.5902 0.5607 0.5408 0.5394?A@ >CBEDGFLK�I
0.5984 0.5923 0.5632 0.5414 0.5366?A@ >CBEDGF�M!I
0.5946 0.5895 0.5748 0.5444 0.531

Table 4. Classification perf ormance (
���� ) of the

Naive Bayes classifier with
#%$ 
'& � < �

WEIGHTING NUMBER OF SELECTEDTERMS

TECHNIQUE 500 2.000 8.000 50.000 131.730> 	 0.6298 0.6232 0.5979 0.5623 0.5569?N@ >�BEDOF�H
) 0.6327 0.6318 0.6111 0.5739 0.5591?N@ >�BEDOF�J
) 0.6465 0.6397 0.6202 0.5825 0.5653?N@ >�BEDOFLK
) 0.6407 0.6458 0.6217 0.5790 0.5733?N@ >�BEDOF�M
) 0.6458 0.6506 0.6359 0.5879 0.5713

We testedSWTwith < �QP
, < �SR

, < �UT
and < �QV

andcomparedit to the standardTF. Eachof the described
techniqueswasevaluatedin combinationwith a featurese-
lectionbasedon theterms’ informationgain.
Experimentalresults(seeTable 3 and Table 4) show that
Structure-orientedWeightingTechnique(SWT)canimprove
classificationaccuracy assigningto META andTITLE ele-
mentsa greaterweight thanto the otherelements.In par-
ticular, SWTobtainsits bestresultswith < �WR

with the
Perceptron classifierandwith < �XV

with NaiveBayes.

6. Link ed pagesrepresentation

6.1. Hypertext categorization

In the last few yearsvarioustechniqueshave beende-
velopedto exploit the hypertextual natureof web pages.
Thesetechniquesusethe hypertextual information in var-
ious ways,but they all needto downloadthe linked pages
from the web. This operationinevitably slows down the
classification,makingthesetechniquesunfeasiblefor those
applicationsin which the classificationresultmustbe im-
mediatlyavailable.
We tried to developa new kind of representationfor linked
pagesthat makesuseof merely local information,so that
thehypertextualnatureof webpagescanbeexploitedeven
in real-timeclassification.

6.2. Link edpagesrepresentationusing local infor-
mation

The idea is to exploit HTML structure[4] for repre-
senting linked pageswithout having to download them.
More specifically, we areinterestedin thecontentof theA
element.Hereis anexampleof its use:

<A href="./php.html">PHP tutorial</A>

In this example, the A elementis used to link the cur-
rent pageto anotherpage. Userscanunderstandwhat the
linked pagetalks aboutby meansof the contentof the A
element,thatis ”PHP tutorial”.
When a developer links a pageto his pages,he tries to
explain with few words the content of the linked page
usingtheA tag. We canassumethat thewordsusedin this
descriptionarecloseto thesubjectof the linkedpage,and
thenwe canusethis descriptionfor representingthelinked
pagewithout having to downloadit.

7. Combining local and hyperlink representa-
tion

In Section3.3 we briefly reportedhow Joachimset al.
[8] combinedthe local representationof web pageswith
a hypertextual onebasedon the co-link matrix, improving
classificationaccuracy. Theirhypertextualrepresentationof
webpagesis very powerful but unfeasiblefor setsof pages
lacking in inner links. We introducea new representation
of webpagesexploiting hyperlinksthatdoesnot requirethe
linkedpagesto bedownloadedandthatis usablewith every
setof pages.

7.1. Simple hypertextual representation

A simpleway for representingwebpagesexploiting hy-
perlinksis to representdocumentsusingthecontentof the
linkedpages.Therationaleis to representpagesby means
of the”typeof page”they arelinkedto. Furthermore,linked
pagescanberepresentedusinglocalwordsby meansof the
techniqueexpoundedin Section6.2. This representation
methodis surelylesspowerful thanotherhypertextualones
[6, 7, 8, 14], but canbe usedfor real-timecategorization
andis feasiblefor everysetof webpages.

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

We usedCompositeKernels(seeSection3.3) for com-
bining theusualrepresentationof webpagesbasedonlocal
wordswith thesimplehypertextualoneof Section7.1.The



Figure 3. Classification perf ormance (
���� ) of the

Perceptron classifier with Composite Kernels

kernelwe usedwasYZ��[��,\]�%��^_Y � � [`�,\]��a)� 7cb ^d��Y H � [��!\]�e�G^gfih j_� 7lk
We usedthe kernel

Y��
for the hypertextual representation

and
Y H for thelocalone.

Experimentalresults(seeFigure 3) show that, in spite of
the mediocreperformanceof the simplehypertextual rep-
resentation,assigninga valuenearto 0.2 to the weight

^
improvesclassificationaccuracy, confirmingtheusefulness
of thecombinationof standardandhypertextualrepresenta-
tions.

8. Conclusionsand futur e work

We observed that the combinationof hypertextual and
local representationsof web pagescanimprove classifica-
tion accuracy. Therepresentationof linkedpageswe intro-
ducedcan be usedfor the implementationof much more
powerful hypertextual techniquesthan the one we tested.
Furthermore,Structure-orientedWeighting Techniquecan
berefinedfor obtainingbetterrepresentations.
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