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ABSTRACT

Web scraping is a technique to extract information from various web documents automatically.
It retrieves the related contentsbasedon thequery, aggregates and transforms thedata froman
unstructuredformat intoastructuredrepresentation.Textclassificationbecomesavitalphase to
summarizethedataandincategorizingthewebpagesadequately.Inthisarticle,usingeffectiveweb
scrapingmethodologies,thedataisinitiallyextractedfromwebsites,thentransformedintoastructured
form.Basedonthekeywordsfromthedata,thedocumentsareclassifiedandlabeled.Arecursive
featureeliminationtechniqueisappliedtothedatatoselectthebestcandidatefeaturesubset.The
finaldata-settrainedwithstandardmachinelearningalgorithms.Theproposedmodelperformswell
onclassifyingthedocumentsfromtheextracteddatawithabetteraccuracyrate.
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1. INTRodUCTIoN

Inmostof thewebsites, theusersareallowedonly toviewthecontent.Access todownloador
copythematerialwillberestrictedtoavoiddiscrepancies.However,insomecases,thedatacanbe
fetchedmanually,butitisatime-consumingprocess.So,tomakethisasanautomatedfunction,Web
Scrapingtechniqueisintroduced(Vargiu,2013).Itisanintelligentprogramorawebscriptthathelps
toextractthecontentfromthewebpages.Furthermore,itcouldstoreinastructuredformatinthe
localsystemforfutureanalysis.Itenablesrapid,in-depthretrievalofrelevantdata.Thistechnique
canbeusefultoadifferentsetofpeoplesfromallthefieldstocapturethehumongousamountof
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information from the internet. In recentdays, thedata from theweb turned intospreadsheetsas
structuredcontentusingwebscrapingtools.

Theprocessofscrapingcontentfromweboverloadsthetargetsitewithhighdemand.Theserver
ofthetargetsightmighttemporarilygodownwhenawebcrawlersendstoomanyservicerequests
tothespecificsite.Mostsophisticatedsitesarepoweredupbyanti-scrapingtechniquestoresistthe
attacksfromsuchwebscrapingbots(McKenna,2016).

Automatedwebscrapingtechniqueisinevitabletoextractknowledgeablecontentastheamount
ofdatageneratedovertimebecomesincreasing(Ikonomakis,2005).

Theexistingapproacheshavefewdrawbacksinit,andsomeofthemareineffectivescraping
methods, inadequate server response, and irregular data transformation. The proposed scraping
techniqueinthispaperperformseffectivelyindataextractionandconversionintowell-structuredform.

Therestofthepaperorganizedasfollows.Section2discussestheexistingliteraturerelatedto
thisstudy.Scrapingmethodologiesanditstypesbriefedinsection3.Theproposedmodelclearly
statedinthemodulesinsection4.Inthenextsection,theresultsdepictedthroughgraphsandtables,
andsection6concludestheworkbyhighlightingitssignificance.

2. BACKGRoUNd

Apersonalizedrecommendationsystemisdevelopedfromtheuser’ssearchby(Liangetal.,2008)
toprovidecustomizedcontent.Similarly,newscategorizationismadepersonallytothetargetusers
ofdifferentgroupswithscalabledocumentclassificationtechniques(Ioannisetal.,2006).

Collaborativetaggingimprovesthekeywordextractionprocesswithbetteroutcomes.Content-
based tagging system represents the capabilities of search systems (Nirmala et al., 2010). The
personalizedblogrecommendationsystemdeveloped(Chiuetal.,2018)formobilephoneusers.
Userhistoryandbrowsingcontentareanalyzedtoprovidetargetedrecommendations.

Apersonalizedweb-botiscreatedtoassisttheuserbasedontheirinteresttoviewspecificcontent
andwebpages(Jungetal.,2004).Thissystemisdevelopedbyfusingcollaborativefilteringand
hybridcontent-basedfilteringtechniques.Webbrowsingclassificationsystemonmobileinterfaces
isdevelopedwithsixstandardperspectives(Roudakietal.,2015).

Geneticalgorithmbaseddocumentclusteringmethodisproposedtominethetextfromalarge
amountofbiomedicalinformation(Wahibaetal.,2016).Astructuredmeta-dataextractionmethod
is deployed to fetch information from scientific studies (Tkaczyk et al., 2015) and available for
researchersunderopensourcelicense.

Adeeplearningmethodisappliedfortextclassificationusingthesoftmaxregressiontechnique
anddeepbeliefnetworks(Jiangetal.,2018)onscientificresearchdatabases.Anautomatedsystem
for climatic data scraping, cleaning, and display the results is proposed to improve the climatic
informationprocessing(Yangetal.,2010).

Deep learning methodologies provide state-of-art methods on heterogeneous, sophisticated
textanalytics.In-textclassification,manymethodsareproposedtoenhancemodelperformance.A
character-leveltextclassificationsystemproposedwithconvolutionalnetworks.Itisconstructedwith
manylargescaledatasetstohighlightthesignificanceoftheworkthroughitscompetitiveresults.
Thesemodelscomparedwithabagofwords,TFIDFtechnique,n-grams,andotherdeeplearning
approaches(Zhang,2015).

Recurrent neural networks are most popular among text classification models. A recurrent
convolutionalmodelisdevelopedtoimprovethemodelaccuracyonclassifyingvarioustextdata
(Lai,2015).Throughthemulti-tasklearningstrategy,anovelframeworkdeployedforusefultext
classificationindifferentlayerschemes(Liu,2016).

Sentiment reviewclassificationsystemprovidesan intuitionaboutblogs, reviewsaboutany
subjective topic, and comments posted in online portals with the support of machine learning
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algorithms.Ann-grambasedtechniqueenhancesthepredictiveprobabilityofthesystemwithother
NLPrelatedfunctionalitiesincorporatedtogether(Tripathy,2016).

3. SCRAPING TECHNIQUES

Scrapingisanactivityofretrievinginformationonvariouswebsites.Itcouldbedonewithorwithout
permissionfromthesiteowners.Thisprocesscouldbeautomatedormanuallydone.Contentscraping
ismostlyusedtoperformmaliciousactivities.Stealingofdatathroughweb-scrapingisunethical
(Suchackaetal.,2015).Thesiteownerneedstomanageanddefendthesiteagainstmaliciousprograms
tokeeptheironlinebusinessonestepaheadofotherstobeonacompetitiveedgeintheirmarketworld.

3.1. Types of Scraping
3.1.1. Screen Scraping
Capturing the screen data from the display of one application and transforming it into another
applicationtodisplaythesameinformationeffectively.

3.1.2. Report Mining
Extractionofinformationfromthecomputerreportsthatofhuman-readableform.

3.1.3. Web Scraping
Itistheprocessofretrievingnecessaryinformationfromawebsiteandconvertingitintoastructured
formforfutureanalysis.

3.2. Web Scraping
Mostwebsitesdisplaydatathatcanviewwithtypicalwebbrowsersoftware.Thefunctionalityof
savingacopyofthedataismostlyrestricted.Thenextoptionistoperformthecopy/pastingofdata
fromthesitemanually,buttheprocessistedious.Itsometimestakessomedaystocompletethetask.

Webscrapingisatechniqueusedtoextractinformationfromthewebsites.Itturnstheunstructured
dataintoastructuredform.Thesedatacanbestoredanywhereinthelocalcomputerorremoteservers.
Thisprocessisoftenefficient,faster,andlesspronetoerrorswhenautomated.Inrecenttimes,many
researchersarewidelyusingthistechniquetocreatetheirowndatasetsforjournalarticleinformation
extraction,textmining-relatedprojects,etc(Pantaetal.,2015).

Thiswebscrapingsoftware’sloadsthemultiplepagesofthewebsiteautomaticallyandextracts
usefulinformationoutfromit.Thecontentextractedfromthesitedependsonthetypeofrequirement.
Itcanbeconfiguredanytimeandbasedonthetypeofthewebsite,anditiscustomized.Withasingle
click,thedatacanbescraped,formatted,andstoredasafileinthesystem.(Russelletal.,2013).
Thedatacanbereplicatedanywherewiththehelpofthescrapersoftware.Itisdifferentfromscreen
scrapingwherethepixelsofthedisplaywillcapture,butinwebscrapingtheunderlyingdatainside
theHTMLtagscanberetrieved.Inrecenttimes,manyintelligentbotscriptsaredeployedtodosuch
tasks(Figure1).

3.3. Prerequisites for Web Scraping
ThepreliminarystepofwebscrapingistokeeptheexistingHTMLscripts,andwiththehelpofa
webscraperprogram,thedatacanbeextractedandconvertedintoausefulform.Thelaststepisto
storethedataeitherinJSONoranotherformat.Thesescraperscanbebuiltusinganytechnology
suchasPHP,NodeJS,andPythonetc.Inmostcases,pythonwillbethechoicetodevelopsuch
programs,whichisusefulintermsofflexibility.TheknowledgeonthestructureofHTMLscripts
anddataformatssuchasJSONishighlyessentialtobuildrobustwebscrapersoftware.Thebasic
requirementstodevelopawebscrapingtoolare:
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1. PythonLibraries
2. DataFormatting
3. HTMLConstructs

3.4. Manual Scraping
Copyingapartorcompletewebcontentfromasiteandpastingmanuallyiscalledmanualscraping.
However,thistechniqueisineffectiveasitneedsmucheffort,andtheprocessisrepetitive(Pettaet
al.,2013).Thismethodworkswellwhenawebsiteprotectedwithanti-scrapingtechniques.

3.5. Automated Web Scraping Techniques (Table 1)
3.5.1. HTML Parsing
HTMLparsingisacommontechnique.ItcanbedonethroughJavaScriptthattargetsnestedand
linearHTMLpages(Maliketal.,2011).ItworksfasterandidentifiesHTMLtagsfromwebpages.

3.5.2. DOM Parsing
DOMotherwiseDocumentObjectModeldefinesthestyle,structureandthecontentofanXML
document.Theinternalfunctionalityofawebsitemustbetransparenttothescrapersforcontent
extraction,andDOMdeliversitsparsingmodulestodoit(Lourençoetal.,2013).Thenodesorganized
withDOMparsersandXPathandotherrelatedtoolshelptoretrievethecontentfromthesites.DOM
parserscanevenworkwellwithdynamicwebsites.

Figure 1. A typical architecture of web scraping process

Table 1. Techniques adopted for effective web scraping

Techniques Advantages

Scripts Automatestasks,Performcomplexfunctions

CommandLineCodes Processeshugefiles

DOMMethod Identifiesandextractsdatainsidescripts

Regularexpression Identifiesandextractsdatathroughstandardprotocols
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3.5.3. Vertical Aggregation
Industrieshavinghighcomputationalpowertargetsspecificsitesandcreateverticalscalableplatforms.
Fewmighthaverunevenincloudplatforms(Sirisuriyaetal.,2015).Tomonitorsuchplatforms,bots
createdandtheneedforhumaninterventionbecomesnullinsuchcases.Thesebotscouldefficiently
performfromtheexistingknowledgebaseofthesystem.

3.5.4. XPath
XMLPathLanguage(XPath)isaquerylanguage,usedwhenthedataisbeingextractedfromthe
nodesof theXMLdocuments.XMLfiles followahierarchical tree-likeform.XPathprovidesa
simplewaytohandleexactnodesandtoextractdatafromthenodes(Myllymakietal.,2002).Itis
usedwithDOMparsingtechniquetoretrievedatafromthewebpages.

3.5.5. Text Pattern Matching
It is a regex (regular expression matching) technique using the grep command from UNIX
systems(Johnsonetal.,2012).Itisoftenintegratedwithstandardprogramminglanguagessuch
asPython,Perl,etc.

3.6. Extracting data Unstructured Content
Webdataextractionissimplyanautomatedtechniquetofetchnecessarydatafromawebsite.Then
it transformsthedatafromunstructuredrepresentationtostructuredformandcanbestoredina
warehouseoradatabase.TheInternetholdsamassiveamountofunstructureddata(Herrouzetal.,
2013).Thedatacanbeturnedintousefulinsightsaftertheyframedintoauniqueformthatsimplifies
theanalyticalprocess.

3.7. Web Scraping Tools
OpenSourcebecomesabuzzwordintechnologyandfuelsupthetechnologyindustrytoshareand
experiencethings.Mostofthetoolsnowadaysareopen-sourced,andwebscrapingtoolsbecome
apartofit(Hofmann,2016).Thesetoolsandscrapingframeworkseffectivelyparsethesitesand
fetchesthecontents.SomehandyscrapingtoolsdiscussedinTable2.

Thelistofvariouswebscrapingframeworksorlanguagesandthebestopensourcewebscraping
toolsavailableineachlanguageorplatform.

4. MATERIALS ANd METHodS

Text classification is an integral part of natural language processing (NLP). It automatically
discriminates these documents by analyzing its content using a sophisticated machine learning
algorithms.Inthiswork,usinganeffectivewebscrapingmethod,thecontentisretrievedfromonline
sitesandispersonalizedinitswayandtypeofinformation.Thecollecteddataistransformedintoa
structuredformtosimplifytheanalyticalprocess.Usingmachinelearningalgorithms,thedatatrained

Table 2. Tools for web scraping

Tool Name Functions

OpenRefine DataCleaningandProcessing

cURL(CLI) DatacanberetrievedthroughAPI’s

Wget(CLI) Retrievesthewebpagesrecursively

WebScrapingservice Makesdataacquisitionprocesssimple
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andevaluatedtoidentifytheexactnessoftheproposedsystemoncategorizingthedocuments.This
processdetailedintheupcomingsections.

4.1. Content Scraping
Inthisphase,thetargetsitedefinedfromwherethecontentisbeingextracted,andusefuldatafetched
fromthescrapedinformation(Figure2).

4.1.1. Requesting Data From the Website
Thesiteisaccessedthroughstandardprotocolsandusingobjects,andthedatastoredinHTMLformat.
TheextracteddataisthenprocessedtoeliminateHTMLconstructs,anddataalonewillbeseparated.

4.1.2. Extracting Text From HTML Page
TheprocessofextractingcontentfromHTMLpagescanbedonewithavailablepythonlibraries.
BeautifulSoupisalibraryorpackageusedtofetchthedatafromHTMLfiles.Similarly,html2text
moduleworksbetterforthesametask.Usingthesepackages,thetextdatascrapedandstoredina
structuredspreadsheetformatfornextlevelprocessing.

Asnippetofthecodeisgivenbelow:

b_soup = BeautifulSoup(html_script, ‘html_script.parser’) 
text_info = b_soup.findAll(text = True) 
text_from_html’ ‘.join(text_info)

In theabovesnippet,BeautifulSoup libraryparses through theHTMLscriptand thedata is
assignedtob_soupobject.Inthenextline,findAll()functionreturnsthestringspresentinthescript
andthefollowingline,join()functionbindsalltheindividualstringstogether.

4.2. Keyword Matching
Any classification algorithm needs the data to be in a labeled format to train and evaluate the
performanceofthemodel.Tolabeltheextractedsamples,relevantkeywordsaremanuallyprepared
andgroupedthatarerelatedtothescrapeddata.Thesamplesarelabeledbasedonthematchingscore
calculatedusingthekeywords.TheformulaisgiveninEquation1:

matchingscore� �=
Number�of�matched�keywords�under�a�categoryy

Total�number�of�keywords�matched
 (1)

Figure 2. Basic process of web scraping
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WiththehelpofKeywordProcessor library,amatchingscorecalculated.Now,basedonthe
score,thesamplesarelabeledintoitscategories.

4.3. dataset Information
Thedatasetpreparedbyscrapingthecontentfromtechnical,fashion,andnewsblogs.Datasetsof
1870samplesarecollected,andeachoneiscategorizedandlabeledfromtheprevioussteps.

4.4. document Classification
Thesamplesareinitiallypre-processed,andthebestfeaturesareselectedusingLogisticRegression–
RecursiveFeatureElimination(LR-RFE)beforefeedingthemintoBack-PropagationNeuralNetworks
(BPNN).Thepreprocessingstepsincludetokenization,stemming,andbag-of-words.

4.4.1. Text-Preprocessing

4.4.1.1. Tokenization
Inasentence,paragraphoradocument,thewordsdividedintoindividualpiecesandeachofthemis
called‘tokens.’Itgenerallynormalizesastatementwithcomplexrepresentationandpunctuations.
Eachsampleinthedatasetconvertedintoindividualtokensinthisphase.
4.4.1.2. Stemming
Stemmingistheconceptofeliminatinginflectedwordtoitsrootformotherwise,stem.Ittransforms
therelatedsetofwordsfromitscommonformtouniquebaseform.Thetokensinthesamplesare
stemmedupintoitsbaserepresentation.
4.4.1.3. Bag-of-Words
IninformationretrievalandNLP,bag-of-words(BoW)techniqueremainsasanessentialphasefor
textanalysis.Thedatagiveninsentenceorindividualtokenscanbecombinedindifferentunit-level
formBows.Disregardingtheorderofwordsorgrammar,thenumberofwordsineachbagmightbe
anythingmorethanone.However,thestandardcountliesbetweentherange3-5andupto7insome
cases.Inthissystem,thenumberofwordsinabagcontainsfivewordseach.

4.4.2. Logistic Regression – Recursive Feature Elimination (LR-RFE)
Tomakeabetterpredictionoverinputdata,selectingthebestfeaturesishighlysignificant.Inthis
work,LR-RFE,awrapperbasedfeatureselectiontechnique,isappliedonthedatasettoselectoptimal
featuresubset.Itisagreedyapproach,whereitinitiallyusesalearningmodel(inthiscase,LR)to
trainthesampleswithinitialfeaturesubset(Chen,2007).Inaniterativeprocess,thefeaturesare
randomlyselectedandtrained.Duringeveryiteration,theworst-performingfeatureseliminatedand
thebestfeaturesarefinallysortedout.Eventhoughthismethodiscomputationallyexpensive,the
outcomeoftheprocessisbetterthanothertechniques.

Afterapplyingthistechnique,thenumberoffeaturesissignificantlyreducedandsimplifiesthe
classificationtask(Figure3).

4.4.3. Classification
MachineLearningalgorithmsarewidelyused inmanyapplications todevelop robustpredictive
models.Duetoitshighsuccessrate,thefieldsthatarehighlyinterrelatedwithintelligentcomputing
adoptmachinelearningmethods.Inthiswork,threesupervisedalgorithmsaredeployedtotrainthe
modelwiththeprepareddataset.ThosealgorithmsareSupportVectorMachines(SVM),Random
Forest(RF)andBack-PropagationNeuralNetworks.Eachalgorithmhasitsadvantagesandfeatures
thatworkwellondifferentdata.Ingeneral,theneuralnetworkmodelworkswellontextdatawhen
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comparedwiththeothermodels.Asitcomestrue,inthisexperiment,theBPNNmodeloutperformed
RFandSVMmodels.TheparametersoftheBPNNmodelgiveninTable3.

ThepipelineshowninFigure4representstheworkflowoftheproposedmodel.Initially,thesite
fromthedatatobescrapedisidentified.Throughwebscrapingtoolsandsnippetsgiveninsection
4.1.2,therequireddataiscollectedandrecorded.Thescrapeddatalabeledbyfindingtheproper
keywordfromthedata.Thelabeleddatastoredinastructuredformat.

ThedataundergoneNLPoperationssuchastokenization,stemming,andabagofwordseach
toconvertthedataintotokens,pruningtheprefixesandsuffixesofawordandbaggingofterms

Algorithm 1. LR-RFE

Step1:Trainlogisticregressionwithtrainingdataset

P
e a bX

=
+ − +
�
1

1
Step2:Calculatetheperformanceofthemodel
Step3:Findthevariableimportance
Step4:ForeachsubsetSi,I=1…Sdo
               i.KeepthebestfeaturefromthesubsetSi
               ii.TrainthemodelonthetrainingsetwithnewsubsetSi
               iii.Evaluatethemodelperformance.
End
Step5:Calculatetheperformanceoffinitesubset,Si
Step6:Determinethenumberofpredictors
Step7:TotheoptimalsubsetSi,findacorrespondinglearningmodel.

Figure 3. Process of LR-RFE Algorithm

Table 3. Parameters of BPNN model

Parameters Values

ActivationFunction RectifiedLinearUnit(ReLU)

LearningRate 0.01

Momentum 0.60

Epochs 500

HiddenLayers 2



International Journal of Web Portals
Volume 11 • Issue 2 • July-December 2019

49

respectively.Thealtereddatasetispreparedtoperformfeatureselectiononit.TheproposedLR-RFE
algorithmidentifiesthefeaturesubsetfromthedataset.Then,theoptimalparametersareinputted
intotheBPNNmodelfortraining.Theperformanceofthemodelevaluatedwithstandardmetrics,
andclassificationaccuracycalculated.Theproposedmodelachieved94.63%accuracyoutperformed
SVMandRFclassifiers.

5. RESULTS

Theexperimentalsetupmadetodevelopthismodelincludesthefollowing.Windows10Operating
System,AnacondaPythonDistribution(Pythonversion3.6)withNVIDIAGEFORCEGTX950MX
4GBGraphicProcessorandIntelcore7thGeneration8GBprocessor.Theproposedpipeline(LR-RFE
+BPNN)achieved94.62%accuracyonthetestdata.TheevaluationperformedwithKFoldCross-
Validationtechniquewith10Foldseach.Accuracymeasureisusedtocalculatetheclassification
rateofthemodel.TheresultsobtainedwiththreemachinelearningalgorithmsgiveninTable4.

Moreover,theperformanceofthemodelbeforeandafterfeatureselectionisalsocalculatedand
projectedinFigure5.

From the above graph, it is observed that there is a significant improvement in the model
afterperformingfeatureselectiononthedataset.TheproposedLR-RFE-BPNNmodelaccurately
discriminatesthesampleswellthantheotherbenchmarkedalgorithmsontextclassificationwith
94.63%accuracy.

6. CoNCLUSIoN

Inthispaper,arobusttextclassificationmodelisproposedusingvariousNLPandmachinelearning
techniques.Throughwebscrapingthedataisfetchedandtransformedintoastructuredformforfurther
analysis.Thedatafetchedthroughwebscrapingismadepersonalizedconcerningitscontent.Withthe

Figure 4. Pipeline of the proposed work

Table 4. Accuracy of the models on different classifiers trained after LR-RFE

Model Accuracy

SupportVectorMachine 88.72%

RandomForest 91.20%

BackPropagationNeuralNetwork 94.63%
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helpofNLPtechniques,thedataisprocessedandsimplifiedforthenextprocess.Textclassification
ismadefromstandardmachinelearningtechniquestotrainthemodelwiththeprocesseddata.The
outcomeofthisworkrevealedthebestperformingpipelinefortextclassification.LR-RFE-BPNN
modelproducedabetterresultforthissystem.

Webscrapingbecomesanessentialtechniquetoretrievedatafromwebsiteseffectively.Itisan
essentialskillthatcanbecombinedwithsophisticatedanalyticaltechniquestodevelopintelligent
textclassificationsystems.Intoday’sdigitalizedworld,therateofdatagenerationisatapeak.The
adventofbigdatasimplifiestheprocessofstoringandanalyzingmassivedata.Mostofthecontent
availableonlineisunstructured.Webscrapingtoolscouldbehelpfultoextractessentialinformation
and makes them into structured form. These automated tools could aggregate the scraped data,
transform them into useful insights, and empowers the business world with intelligent decision
systemsbyanalyzingthereal-worlddata.

Figure 5. Accuracy of the model before and after feature selection
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