
DOI: 10.4018/IJEIS.2020100101

International Journal of Enterprise Information Systems
Volume 16 • Issue 4 • October-December 2020


Copyright©2020,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



1

Research on Text Classification Based 
on Automatically Extracted Keywords
Pin Ni, University of Auckland, New Zealand

 https://orcid.org/0000-0003-4516-1249

Yuming Li, University of Auckland, New Zealand & University of Liverpool, UK

 https://orcid.org/0000-0003-2219-9033

Victor Chang, Teesside University, UK

ABSTRACT

Automatickeywordsextractionandclassificationtasksareimportantresearchdirectionsinthedomains
ofNLP(naturallanguageprocessing),informationretrieval,andtextmining.Asthefinegranularity
abstractedfromtextdata,keywordsarealsothemostimportantfeatureoftextdata,whichhasgreat
practicalandpotentialvalueindocumentclassification,topicmodeling,informationretrieval,and
otheraspects.Thecompactrepresentationofdocumentscanbeachievedthroughkeywords,which
containsmassivesignificant information.Therefore, itmaybequiteadvantageous torealize text
classificationwithhigh-dimensionalfeaturespace.Forthisreason,thisstudydesignedasupervised
keywordclassificationmethodbasedonTextRankkeywordautomaticextraction technologyand
optimizethemodelwiththegeneticalgorithmtocontributetomodelingthekeywordsofthetopic
fortextclassification.
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1. INTRodUCTIoN

Keyword,keysentenceandkeyparagraphasimportantfeaturesoftextdata,whichcanreflectthe
topicofthedocumenttoacertainextent(Beliga,Meštrović,&Martinčić-Ipšić,2015).Automated
keywordextractioncanextractthemostsignificantkeyinformationfromspecificdocuments,thus
speedinguptheabstractionofspecificdescriptiveinstancesfrommassivetextdata.Ontheotherhand,
thesekeywordinformationasfine-grainedtextcanbemoremacroscopicallydividedintodifferent
categories.Thisclassificationmethodcanbeusednotonlyforkeywordtopicmodelingbutalsofor
textcategorizationtasksbasedonhigh-dimensionalfeaturespace(Onan,Korukoğlu,&Bulut,2016),
(Lautenbacher,Bauer,Sieber,&Cabral,2010).Thiscouldachievemoreaccurateword-of-mouthtext
classification(Jansen,Zhang,Sobel,&Chowdury,2009),(Hung&Lin,2013),topicfeatureanalysis
ofsocialrelationships(Hauffa,Lichtenberg,&Groh,2012),keywordclassification(Fernando,2018),
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documentclassification(Onanetal.,2016),(Huetal.,2018),(Puri&Singh,2019),recommendation
foruserinterestfeatures(W.Wu,Zhang,&Ostendorf,2010),(Meng&Gao,2019),etc.

Text categorization is a modeling method for categorizing documents according to preset
categories(Liu&Wang,2007),(Schütze,Manning,&Raghavan,2007),(Y.-C.Wu,2015),which
haswidelyusedintextmining(Al-Thuhli,Al-Badawi,Baghdadi,&Al-Hamdani,2017),covering
informationretrieval(Boughareb&Farah,2013),(Ghnemat&Shaout,2016),sentimentanalysis(Jain,
Kumar,&Mahanti,2018),topicmining,documentorganization,spamfiltering,newsclassification
etc(Aggarwal&Zhai,2012).However,therearestillmanydifficultiesintextcategorizationinhigh-
dimensionalfeaturespace(Joachims,2002).Whenentirewordsinthedocumentservedastraining
features,thecomputationalcomplexitywillbegreatlyincreased,makingthetaskoftextcategorization
transformedintoatypeofcomputationallyintensivetask(Onanetal.,2016).Therefore,asthemost
relevantfeatureofdocumentsandarelativelyreasonabledatadimensionalityreductiontoacertain
extent,keywordscanbecomerelativelyidealfeaturecandidatesinclassificationmodeling(Liu&
Wang,2007),(Rossi,Marcacini,&Rezende,2014).Fromtheperspectiveofclassificationaccuracy,
thetextclassificationmethodbasedonkeywordsasfeaturesmaybeaneffectiveapproachthatworth
tobeexplored,andfromtheperspectiveoftheactualapplicationfromthemicrotothemacro,the
keyword-based approach is also more suitable for the real situation in the information retrieval
scenariowheretheuserinputsfine-grainedfeatures(e.g.words,character,punctuationcharacter)to
moreaccuratelymatchthecorrespondingtextinstance.

Forthisreason,thisstudydesignedasupervisedkeywordclassificationmethodbasedonTextRank
keywordautomaticextractiontechnologyandoptimizethemodelwiththeGeneticAlgorithmto
contribute to textclassification formodeling the featureof the topic.Thismethod improved the
accuracycomparewiththeconventionalclassificationandclusteringmethodsandsolvetheproblem
aboutconventionalmethodsdonothavethemechanismsofself-renewalkeywordsandself-adjusting
classificationweights,torealizetheattributesthatkeywordtopicmodelcangraduallyimprovewith
theinputofnewdata.Andthestudyalsocomparedtheeffectofothercommonlyusedclassification
methods in keyword classification. Experiments show that the proposed method achieves ideal
performanceontestdatasetsofACMcollection(Table5).

2. LITERATURE REVIEw

Therearetwoapproachestoextracttextkeywords,oneistoconvertthequestionofselectingkeywords
intoabinaryclassificationproblemofwhetherawordisakeywordthroughasupervisedmachine
learningmethod.Theotherisusethestatisticalwordfrequencymethodtothecalculationofweights
inanunsupervisedmethodandselectkeywordswithhigherweight(e.g.TermFrequency-Inverse
DocumentFrequency,TF-IDF)(Schützeetal.,2007).Inaddition,thecandidatekeywordscanbe
placedinthestructureofthegraphbythemethodofthegraphmodeltofindthetop$K$words
associatedwiththeotherwords,suchasTextRank(Mihalcea&Tarau,2004).

(Lee&Kim,2008)proposedanimprovedTF-IDFmethodforextractingkeywords.Byapplying
theweightcalculatedbyTF-IDFtotheirdesignedTTF(TableTermFrequency)model,toeliminate
thecommoncross-domainwordstoimprovetheaccuracyofkeywordextraction.

(Tixier,Malliaros,&Vazirgiannis,2016)proposedanapproachforkeywordsextractionbasedon
theK-trussalgorithm(Cohen,2008).ThismethodislessthanTextRankintheaccuracybutgreater
thantheTextRankintherecallrate.AndthevalueofF-measureishigherthanTextRankwhenapplied
totextinafinergranularitylevel,butitislowerwhenappliedtotextinamorecoarse-grainedlevel.

(Zhao,Yu,Lu,Liu,&Li,2016)proposedanapproachforextractingkeywordsbasedonFP-
Growth.Thisapproachcanremovewordswithsimilarmeaningsinalternativekeywordstoimprove
theaccuracyandpracticabilityoftheextractedkeywords.Inthesameconditions,theaccuracy,recall
rateandF-measurevaluewere12.1%,10.1%,and10.9%higherthanTF-IDF,respectively.Andthe
computationalcomplexityismuchlowerthanTF-IDF,thatis,thecalculationefficiencyishigher.
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(Abilhoa&DeCastro,2014)usesGraph-basedTKG(TwitterKeywordGraph)tofindkeywords
formessagescrawledfromTwitter.TKGcanbeimplementedwithoutpriortraining,butduetolacks
noisefiltering,resultinginoperationalefficiencyisnotideal(Horita,Kimura,&Maeda,2016),(Horita
etal.,2016)extractedkeywordsfromdocumentsinWikipedia.Amongthem,theyuseTSNC(Top
ConsecutiveNounsCohesion)ontheselectionofcandidatekeywordsandusesthemethodofthe
DiceCoefficientandthedatasetofKeyphrasenessontheselectedkeywords.However,theselection
ofTCNCofcandidatekeywordsisnotaseffectiveasexpected.

TextRankdoesnotneedtoprepareacorpus.Andasanunsupervisedapproach,itcanbedone
withoutprior training.Therefore, traditionalkeywordextraction tools (e.g.RAKE)haveabetter
performance at process speed (Rose, Engel, Cramer, &Cowley, 2010). (Balcerzak, Jaworski, &
Wierzbicki,2014)arguethatTextRankcanaccuratelydefinekeywordsandisquiteconvenientin
anunsupervisedmanner. (Liu&Wang,2007)believes that thegraph-basedkeyword extraction
algorithmsuchasTextRankachievesbetterresultsthantheprevioussupervisedmethods.However,
someauthorsontheInternetbelievethat there isaflawin theunderstandingof therelationship
betweenthecontext,whichisneededforimprovement.

2.1. TextRank
TextRank applies a graph-based ranking algorithm similar to PageRank of Google (Page, Brin,
Motwani,&Winograd,1999)andHITSalgorithmandusesitfortheprocessoftext(Kleinberg,1999).
TheoutputofTextRankisacollectionofwordsorsentencesthatcanrepresentthetextseparately.
Amongthem,thenumberofwordscanbedeterminedbythelengthofthetextoraccordingtothe
demands.Thecollectionofwordswillbeplacedinthegraphasvertices,calculatingtheimportance
andsortingtheorder,andselectseveralpresetnumbersofthemostimportantwordsaskeywords.

2.2. Graph-Based Sorting
TextRankisagraph-basedkeywordextractionmethod,theprincipleis:votingrightsaregivenat
eachvertex.Ifthereisavertexconnectedtoanothervertex,itwillberecordedasavoteofthenumber
ofvotesofthelinkedvertex,andtheresultofeachvertexinthewholegraphwillbeobtainedby
usingtherecursivemethod.Thenumberofvotesobtainedbyeachvertexrelatedtotheimportance
ofthevertices,andvotingfromthemoreimportantvertices,itsweightratiowillbehigher.Ingeneral,
inthedirectedgraphG G V E, ,= ( ) ,V representsavertex,E representsanedge,andE isasubset
ofV V× aswell.GivenaV

i
,whereOut V

i
( ) ,representsthesetofverticespointingtoV

i
,and

Out V
i
( ) representsthesetofverticespointedtobyV

i
.Hence,thescoreofV

i
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2.3. The Applications of TextRank in the Study
TextRankbreaksdownallthesentencesinthetext,filtersthesentencesaccordingtothestopwords
asdemands,oronlyretainswordswithspecificpartofspeech.Throughthisapproach,acollection
ofsentencesandwordswillbeobtained.Settingeachwordasavertexandsettingitswindowsize
to ′K ,andassumingthatasinglesentenceconsistsofthesetofwords( , , , )w w w w

n1 2 3
… areallin

thesamewindow.Thereisanundirectedgraphwithoutedgeweightsineachwindowbetweenthe
nodescorrespondingtoanytwowords.Basedontheaboveconstructedgraph,theimportanceof
eachnodeineachwordwillbecalculated.Thekeywordsarethewordswiththehighestweight.In
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thestudy,usetheweightsofkeywordsextractedbyTextRanktosortthesignificance,andextract
thetopk numberofimportantwordsaskeywords.

2.4. optimization
Optimizingthemodelcanimprovetheaccuracyofmodeleffectively.Therefore,thisstudyintroduces
the Genetic Algorithm as a reward mechanism. After the completed classification stage, adjust
theclassificationresultsanditsweightaccordingtothecategoriesoftheoriginaldata,andaset
ofcoefficientswiththebestadjustmenteffectinacertainnumberofiterationsisselectedasthe
adjustmentweightcoefficienttoimprovetheoverallclassificationaccuracy.

2.5. Genetic Algorithm
Genetic Algorithm (GA), which is an Adaptive Heuristic Search Algorithm based on natural
eliminationandgeneticevolution.GAcanobtainthebestsolutionintheconditionofafewknown
conditions. It isageneralalgorithmandwidelyused insearch technology tosolveoptimization
problems(Sivanandam&Deepa,2008),(M.Zhang,Wang,&Liu,2017),(Chang,2007).

GAisderivedfromDarwin’sconceptof“naturalselection”inevolution,andtherulesarenamed
“evolution”and“survivalofthefittest.”TheGA,appliedtooptimizationproblems,waspublished
byJ.H.Hollandin1975,anditsmodeofoperationcompletelymimicstheevolutionofbiologyin
nature(Sivanandam&Deepa,2008).

2.6. Comparison of GA and other optimization Methods
(Sivanandam&Deepa,2008)arguethattheGreedyAlgorithmbetterthanGAinefficiency,but
theresultsofGAareclosertotheoptimalsolution.Inthisstudy,thestepofadjustingtheweightis
onlyusedfortheadjustmentoftheweightsaftertheclassificationstep,andtherequirementforthe
correctrateishigherthantheefficiency,therefore,thestudyusesGAastheoptimizationmethod.

2.7. Instructions
Inthestudy,weadjustedtheclassificationaccuracyofthetextusedforverificationbyadjusting
theweightsofthekeywordsineachtopic.Theformulaforcalculatingtheweightsofthenewtopic
keywordcanbefoundatequation5.

Therefore,wecanconsider“maximizingtheaccuracyofthetextusedforverification”asan
optimizationproblem.Theadaptationequationis f w w w w Max F

n
( , , , )
1 2 3

… = − ,andtheMax F− 
isthemaximumvalueoftheaccuracy.

3. METHodoLoGy

3.1. Method Structure
ThroughTextRankalgorithmcanranktextwordsaccordingtotheirimportancetoobtainthehighest
weightofseveralwords,whoseweightsareusedtodeterminetheverteximportancebasedonthe
globalinformationrecursivelyobtainedinthewholetextgraphsorting.

Tosomeextent, thesekeywordscanbe regardedas representing themost relevant top K( ) 
featuresdescribedinthedocument.Therefore,thesetextkeywordscanbematchedwiththekeywords
co-occurringinthetopicmodels,thesumofcorrelationdegreevalues(comprehensiveweight)of
thecombinationoftherespectiveweightsoftheco-occurrencekeywordsinthedocumentsandthe
topicmodelscanbecalculated.Andcomparingwiththeresultscalculatedindifferenttopicscategories,
the topiccategorywith thegreatestdegreeofcorrelationcanbechosenas the finalcategoryof
attribution.TheoverallstructureandprocessoftheproposedmethodcanbefoundinFigure1.
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3.2. The Value of Average degree

( , , )T K t k t k t k
n m n n n m1 2

… representsakeywordset ( )k
m

withinthetopiccategory ( )T
n

,and D
i( ) 

representsadocument.Ifthedocument( )D
i

ofthemarkedcategorybelongstoacertaintopicn T
n
( ) ,

theneachtrainingdocumentkeywordset K
i( ) anditsweight(afterconvertedtoapercentage)are

classifiedintothekeywordset ( )T K
n m

intopic ( )T
n

anditsweighttable,thusinitiallyforminga
trainingtopicmodel.Afterextractionofthekeywordsofthenewdocument,traversingallthewords
( )T K
n m

ineachtopicmodeltofindoutwhetherthesamewordappears.Iftheco-occurrenceword
isfoundinoneormoretopics,theweightsofallthekeywordsinthedocumentarequantifiedasa
percentage,multipliedandsummedbytheimportancevaluesofthekeywordsco-occurringwithin
each topic model, which could obtain comprehensive weight, and then compared with the
comprehensiveweightoftheco-occurringwordinothercategoriesoftopic.Throughthelawoflarge
numbers,thetopicwiththelargestcomprehensiveweight,allthekeywordsextractedbythecurrent
documentandtheirweightsbelongtothecorrespondingcategoryoftopic,andupdated(addedthe
weightofasingleco-occurringwordtotheimportancedegree( )W

sum
anddividedbythesumnumber

ofoccurrence timesof theword tf( ) canobtained theweightsof therelatedwords in the topic
category(averagedegreevalue,W

n j,
).

W
W

tf

W

tfn j
sum Z

TF

z

,
= = =∑ 1  (2)

3.3. Comprehensive weight
Thecalculationmethodofthecomprehensiveweightisasfollows:thewordsinthedocumentkeyword
listandall thewordsco-occurring in the topiccategories, theweights ( )w

j
ofkeywords in the

documentandtheimportancevalueW
sum( ) ofsamekeywordsinthetopicarerespectivelymatched

Figure 1. Overall structure and process of the proposed method
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separately.AftertheimportancevalueW
sum( ) isdividedbythesumofcountinthetopic,theaverage

degreevalueW
n j,( ) couldbeobtained,andallco-occurringwordsinthecurrenttopicarecalculated

accordingtothetopiccategory.Thecomprehensiveweight G G
n n
/ '( ) couldbeobtained:
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DuetotheweightsextractedbyTextRankarenotinauniformrange,itisdifficulttocompare
theweightsextractedfromdifferentdocumentsdirectly.Afterquantifyingaspercentage,theweight
proportionofeachkeywordinthecategorycanbequantified.However,themethodwithoutpercentage
quantificationcanalsobeaddedtotheexperimentasacomparativetesttoenhancethereliability
ofthemethod.Therefore,basedontheabovemethods,thisstudyalsodesignsanothermethodto
test:theweightofkeywordsindocumentsandtheimportanceofwordsinthetopicmodelarenot
convertedbypercentage.Thisisasaseparatemethodparticipatesintheexperimentalcomparison.

3.4. Comparison of Comprehensive weight
Afterobtainingthecomprehensiveweightofeachco-occurrencekeywordinthetopic,comparethe
comprehensiveweightsinthegiventopiccategoryfromlargetosmall,andthecorrespondingtopic
categorywiththelargestcomprehensiveweightwillberegardedastheresultofclassification(Table1).

Throughthetextclassification,thekeywordsofthenewdocumentcanbestoredinthetopic
model,sothatthefeaturesofthetopicmodelcandynamicallychange.Withthecontinuousexpansion
ofdata,thismethodcanreplacethetraditionalsupervisedtextcategorizationmethodbyusingstatic
lexiconordomainknowledgesource(e.g.WordNetetc.)astheapproachoftheknowledgebaseof
classification(Altınel&Ganiz,2018),(Z.Zhang,Gentile,&Ciravegna,2011),(Agirreetal.,2009),
(Hung&Lin,2013),(Li,Bandar,&McLean,2003),(Šuman,Jakupović,&Kuljanac,2016).

Therefore,themethodhasthefunctionsofself-updatingkeywordsandself-adjustingclassification
weightstorealizethatthekeywordtopicmodelcanbegraduallyimprovedwiththeinputofnewdata.

3.5. Genetic Algorithm optimization
Asanadaptivesearchstrategy,geneticalgorithmisknownforitsoperationsimilartothesurvivalof
thefittestmechanisminnature.Theevolutionaryoperationofgeneticoperators(selection,crossover,
mutation,etc.)isusedtoimprovetheadaptabilityofindividualsandsolvevariouscomplexproblems.

The keyword classification method is a supervised learning method, so optimizing the
classificationresultsisgreatfacilitatetoimprovetheperformanceoftheclassifier.Inthisstudy,genetic
algorithmisusedtooptimizetheclassificationresults,andtheoptimalcoefficientsareiteratedto
adjustthecomprehensiveweighttoachievetheglobaloptimalclassificationperformance(Figure2).
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Thestudyrefersandadoptstheparametersettingofthegeneticalgorithmby(Uğuz,2011)
(Table2).

Inthisstudy,thecorrectlyclassifieddocumentsareusedastrainingdata,andthegeneticalgorithm
isusedtoiteratetheoptimalsolutionastheadjustmentcoefficientinthespecificlimitedconditions.
Amongthem,asetofsolutionswiththehighesttargetvalueoftheclassificationcorrectnessshould
beselectedastheadjustmentcoefficient µ

n( ) ,andtheweightsshouldbeadjustedaccordingtothe
comprehensiveweightineachsubjectcategorytorealizetherearrangementofthecomprehensive
weight.Andthenewweight GA

n( ) canbeobtainedafteradjusted,whichisusedtooptimizethe
classificationeffect:

GA G
n n n
= ×µ  (5)

Finally, the classification accuracy of the new text could be improved after adjusts the
comprehensive weight by the optimal coefficients from GA iteration. And the results of text
classificationcouldbeevaluatedbytheF-measuremethod.

Table 1. The sample result of comprehensive weighted value comparation

Keywords

New Document

Topic

T1 T2 T3 T4 T5

Degree of 
Value (wj) 

Non-
Percentile

Percentile
Non 

-Percentile 
/Percentile

Non 
-Percentile 
/Percentile

Non 
-Percentile 
/Percentile

Non 
-Percentile 
/Percentile

Non 
-Percentile 
/Percentile

Salah 1.058 17.723% Compositeweighted
value

Gn j G n j, / ,′( )

1.052 0.176

Liverpool 1.058 17.723% 1.087 0.182

  Ramos 1.058 17.723% 1.058 0.177 1.096 0.183 1.127 0.188

mock 1.058 17.723% 0.147 0.139 1.187 0.210 1.188 0.283

celebration 0.869 14.553% 0.791 0.132 0.887 0.129

Watford 0.869 14.553% 0.864 0.144

100%

Total

Gn G n/ ′( ) 3.197 0.535 2.751 0.459 0.147 0.139 3.20 0.527 1.188 0.283

Table 2. Genetic algorithm parameters (Uğuz, 2011)

Parameter Name Setting

Populationsize 30

Selectiontechnique Roulettewheel

Crossovertype 2pointscrossovers

Crossoverrate 0.9

Mutationrate 0.001

Iterationnumber 500
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4. EXPERIMENTS ANd RESULTS ANALySIS

4.1. Experimental Procedure
In thiswork, to test theeffectofdifferentkeywordextractionmethodsandclassifiers,using the
scientificliteraturedatatocomprehensivelyevaluatetheperformanceofeachmethod.Eighttypes
ofdocumentretrievalintheACMdigitallibraryareadopted,includingACM1-8seriesdatafiles
(Table5).Thetotalnumberofdatafilesis401,411,424,394,471,439,471and495respectively,
andeachfilehas5datasets.TheexperimentwasbasedonIntelCorei7-4810MQDual2.80GHz
CPU,16GBRAM,1.5TBHDDspaceandWindows10OS.Exceptforthemethodsmentionedinthe
study,partofexperimentalevaluationswasconductedusingWEKAversion3.7.11(Witten,Frank,
Hall,&Pal,2016).Thetoolkitincludesalargecollectionofcommonmachinelearningalgorithms,
andthedefaultparametersareobtainedfromexperience,andtheyoftenperformwell(Amancio
etal.,2014).Therefore,inthisstudy,WEKAdefaultparametersareusedasclassifierparameters.
Meanwhile,the10-foldcross-validationwasusedtoseparatetheoriginaldatasetintotenmutually
exclusivefolds.Nineofthemareusedastrainingdatainturn,andoneisusedastestingdata.Finally,
theaveragecorrectrateof10resultsisobtainedastheaccurateestimationofthealgorithm.Inthe
study,wealsopreprocessedtheoriginaldatasetanddeletedthenoiserelatedtotheextractionof
keywords(e.g.stopwords,stemwordsetc.).

4.2. Accuracy and Analysis of Category Algorithms 
and Keyword Extraction Approaches
Inordertotesttheabovecomprehensiveweightedclassificationmethodbasedongeneticalgorithm
optimization without percentile version (GA-CWC) and its percentile version (GA-CWC(P)),
wealsouseNaiveBayesian,SupportVectorMachine,LinearRegression,RandomForest totest

Figure 2. Genetic algorithm iterative process
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theclassificationaccuracyofACMdocumentsetsusingdifferentkeywordextractionmethodsin
comparativeexperiments.ThesemethodsincludeCo-occurrenceStatisticalInformation(Co-SI.),
TextRank (TextR.), Most-Frequency (MostFre.), Term Frequency-inverse Document frequency
(TF-IDF),Eccentricity-based (Ecc.). In termsof thenumberofkeywordsselected,85keywords
wereselectedasthenumberofkeywordsextractedtotestaccordingtotheconclusionsof(Onanet
al.,2016)test.

Inthetestresultslist(Table3),boldisusedtorepresentthebestresults,whileboldanditalic
areusedtorepresentthesecond-rankingdata.Fromtheanalysisoftheresults,themostaccurate
methodisGA-CWC(P)methodbasedonTextRank(83.91%),followedbyNaiveBayesianmethod
basedonMost-Frequency(82.67%),thethirdisGA-CWCmethodbasedonTF-IDF(82.58%),the
fourthisRandomForestmethodbasedonTextRank(82.48%)andtheworstisSVMmethodbased
onCo-occurrenceInformation.

4.3. Evaluation and Analysis of the Results of Classification 
Using different Keyword Extraction Approaches
F-measureisusedasanevaluationindexofclassificationresults.FromTable4,F-Measurehasthe
highestGA-CWCmethodbasedonTextRank(81.13%),followedbyGA-CWC(P)methodbasedon
TF-IDF(80.84%)andGA-CWC(P)methodbasedonTextRank(80.37%),ThethirdplaceisNaive
BayesianmethodbasedonMost-Frequency(79.72%)andLinearRegressionmethodbasedonCo-
occurrenceStatisticalInformation(52.86%)isthepoorest.

5. dISCUSSIoN

FromtheclassificationaccuracystatisticstableandtheclassificationF-Measurevaluestatisticstable
ofdifferentmethodsthattheselectionofdifferentkeywordextractionmethodshasagreaterimpact
ontheclassificationeffect.SuchastheLinearRegressionclassificationmethod,ifclassifiedbased
onthekeywordsextractedbytheCo-occurrenceStatisticalInformationmethod,theaccuracyrate
isonly62.80%,butifthekeywordsareextractedbasedonTextRank,theclassificationaccuracy
rateisincreasedto79.98%,andtheaccuracyrateisincreasedbyabout17.18%.Atthesametime,
intheF-Measurestatisticssection,theF-MeasurevalueoftheLinearRegressionalgorithmbased
ontheCo-occurrenceStatisticalInformationmethodforkeywordsextractionisonly52.86%,but
underthekeywordextractionbasedonTextRank,theF-Measureisincreasedto77.04%,andthe
improvementrangeisabout24.18%.Itcanbeseenthattheclassificationresultsareinfluencedby
thequalityofthekeywordsextractionthroughdifferentalgorithms,theweighttypeanddistribution
oftheextractedkeywords.

ThekeywordextractionmethodbasedonTextRankachievedthebestinthekeywordclassification
task,andtheaccuracyratecanreach83.91%bycombiningwiththeGA-CWC(P)classification
method.Similarly,intheF-Measurestatistics,theTextRank-basedclassificationmethodalsoreached
thehighest81.13%(GA-CWC),obtainedthehighestvalueamongthecomparisonmethods.Inthe
nextplace,thekeywordextractionmethodbasedonMost-Frequencyobtainedthesecond-highest
accuracy(82.67%)intheclassificationtaskcombinedwiththeNaiveBayesmethodisalsoreached
thethird-highestF-Measurevalue(79.72%).Itcanbeseenthatinthekeywordclassificationmethod
perspective,themethodbasedonTextRankandMost-Frequentcanbeusedasthemostimportant
candidatereference.

Regardingthechoiceofclassificationmethods,GA-CWC(P)andNaïveBayeshaveobtained
higherclassificationaccuracyratesbasedonmostkeywordextractionmethods.However,theaverage
accuracyrateofGA-CWC(P)basedonallkeywordextractionmethodsarehigherthantheother
classification methods under the tested keyword extraction methods (average accuracy is about
79.164%),andtheGA-CWC(P)methodhasbeenobtainedthehighestaveragevalueintheF-Measure
evaluationofallclassifierunderthesekeywordextractionmethods(averageF1-Measureisabout
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75.346%).Therefore,GA-CWC(P)hasamoreaccurateclassificationeffectthanothercomparison
methodsfromamacroperspective.

5.1. Limitation and Further work
Theproposedmethodhasthelimitationthatitneedsalotoftrainingdatatoachieveamoreaccurate
classificationeffect.Ifthetrainingdataisinsufficient,itmayleadtofewerco-occurrencewords
andunsatisfactoryclassificationeffect. In the follow-upstudy,wewillcontinue tostudyhowto
solvethisproblemandaddmorecomparativeexperimentsonkeywordnumberselectionandmodel
classification effect.Simultaneously,wewill also carryout comparative experimentswithother
machinelearningmethods.

6. CoNCLUSIoN

Thisstudyexploresthemethodsoftextcategorizationusingkeywordsasfeaturesandproposesatext
categorizationmethodbasedonautomatickeywordextractionwithgeneticalgorithmoptimization.
Fivetypesofkeywordextractionapproachesareapplied(themostcommonlyusedkeywordextraction
methods:Co-occurrenceStatisticalInformation,Most-Frequency,TermFrequency-InverseSentence
Frequency(TF-IDF),Eccentricity-BasedKeywordExtractionandTextRankandcomparedwithother
fourcommonlyusedclassificationmethods,NaiveBayes,RandomForest,SVM,LinearRegression.
Experimentsshowthattheproposedmethodshaveobviousadvantagesintextclassificationaccuracy
comparedwithothercommonclassificationmethodscomparatively,andthehighestaccuracyand
F-Measureofclassificationhasachieved83.91%,81.13%respectivelyinACMcollection.Andthe

Table 3. Classification accuracies of the performance of different keyword extraction algorithms and category approaches

Algorithms Co-SI. Ecc. MostFre. TF-IDF TextR.

GA-CWC 63.13 77.35   70.46 74.87 81.13

GA-CWC(P) 62.24 75.79   77.49 80.84 80.37

Naive Bayes 63.67 74.52   79.72 73.68 76.15

SVM 54.41 73.33   72.29 76.35 78.67

Linear Regression 52.86 73.74   74.23 73.51 77.04

Random Forest 55.13 77.91   64.38 63.84 78.19

Table 4. F-Measure of the performance of different keyword extraction algorithms and classification approaches

Algorithms Co-SI. Ecc. MostFre. TF-IDF TextR.

GA-CWC 64.32 78.42   77.81 82.58 77.96

GA-CWC(P) 69.64 79.48   81.82 80.97 83.91

Naive Bayesian 69.12 80.17   82.67 77.45 81.13

SVM 62.30 76.84   80.43 75.27 78.74

Linear Regression 62.80 78.42   81.39 76.76 79.98

Random Forest 64.68 80.53   82.27 78.12 82.48
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methodhastheattributesofself-updatingkeywordsandself-adjustingweightofclassificationso
thatthekeywordtopicmodelcanbegraduallyimprovedwiththeinputofnewdata.Theproposed
methodhasgreatguidingandpracticalsignificanceforkeywordclassificationandtextclassification
basedonkeywordfeatures.
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APPENdIX

Table 5. An overview of ACM collection dataset (Rossi et al., 2014)

Doc. Name Class Docs Doc. 
Name

Class Docs

ACM(1) 3dimensionaltechnologies 91 ACM(5) TangibleandEmbedded
interaction

81

Visualization 72 Managementofdata 96

Wirelessmobilemultimedia 82 Userinterfacesoftwareand
technology

104

Solidandphysicalmodeling 74 Informationtechnology
education

87

Softwareengineering 82 Theoryofcomputing 103

ACM(2) Rationalityandknowledge 86 ACM(6) Computationalgeometry 89

Simulation 84 Accesscontrolmodelsand
technologies

90

Softwarereusability 72 Computationalmolecular
biology

71

Virtualreality 83 Parallelprogramming 96

Webintelligence 86 Integratedcircuitsandsystem
design

93

ACM(3) Computerarchitectureeducation 78 ACM(7) Databasesystems 104

Networkingand
Communicationssystems

75 Declarativeprogramming 101

Privacyintheelectronicsociety 98 ParallelandDistributed
simulation

98

Softwareandperformance 81 MobilesystemsApplications
andservices

95

Webinformationanddata
management

92 Networkandsystemsupport
forgames

73

ACM(4) Embeddednetworkedsensor
systems

50 ACM(8) Mobileadhocnetworkingand
computing

90

Informationretrieval 71 Knowledgediscoveryanddata
mining

105

Parallelalgorithmsand
architectures

98 Embeddedsystems 102

Volumevisualization 104 Hypertextandhypermedia 93

Webaccessibility 71 Microarchitecture 105
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