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ABSTRACT

Assistancewiththeuseoftechnicaldevicesisrequiredassoonasthetaskstobeperformedbecome
complex.Thisassistanceisalsoneededassoonastheauthorsprovideassistancetouserstofind
solutionstoincidentsthatoccurduringtheapplicationofunsuitableprocedures.Thegoalofthiswork
isthentoprovideaknowledgeextractionapproachthatcaninterpretuserrequestsintovalidsystem
requeststorespondappropriatelytonoviceuserrequests.Thisapproachisbasedonafuzzysemantic
networkforthemodelingofimpreciseanduncertainknowledgeandtheautomaticconstructionof
temporaryfuzzyontologyfortheidentificationandinterpretationofuserrequests.Theproposed
approachhastheadvantageofbeingabletointegratethenotionofuncertainandimpreciseknowledge
intotherepresentationofsystemobjectsandprocedures.Theexperimentalresultsshowtheefficiency
andtheeffectivenessoftheapproach.
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INTROdUCTION

Theperformanceoftoday’sconventionalhelpsystemsissatisfactoryinthequalityandquantityof
informationitcontains.Buttheirweakpointistoidentifyandinterprettherequestsoftheusers
expressedinnaturallanguage.Infact,inmostcases,theuser’srequestdoesnotcontaintheterms
indexingtheobjectandtheactiontobeperformedfromthepointofviewofthesystem.Itisaproblem
ofidentificationandcorrespondencebetweenthelabeloftheobjectconcernedandthatofthegoal
tobeachievedcontainedintherequestandthecorrespondingentitiesintheKnowledgeBase(KB).

Executing a procedure serves to reach a Goal on an Object. The underlying psychological
hypothesisistheseGoalsareObjectproperties,andassuch,aregeneratorsofObjectcategories.
GoalsandproceduresdefinethefunctionofObjectsandthewaytousethem.Asfunctionalproperties
ofObjects,theyenterintotheconstructionofontologyinthesamewayasstructuralproperties.We
defineaprocedureasasequenceofoperationswhoseexecutionservestoreachaGoal,andwherethe
elementsofthesequenceareeitherprimitiveactionsorsubGoalswhichthemselvescallforassociated
procedures.Technicaldevicethroughprocedurescanbedescribedontwosteps.Thefirstoneisthe
taskdecompositionasahierarchyofGoaldecompositionintosubGoalsfromtheleveloftheGoalof
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thetasktoprimitiveactions.Thesecondoneconsistsin(1)drawingupalistofpossibleGoalsand
theprocedurestoreachtheseGoalsand(2)constructingtheIdealExpertNetasaclassicalontology.

ThegoalofthisarticleistoproposeanewmodelbasedonaFuzzyOntologywhichrepresents
objectsandgoalsofnoviceusers torespondto their fuzzyrequests. It is thereforeaquestionof
findingthroughthisontologytheobjectsandproceduresofthesystem(expert)whicharethepossible
equivalentsofthoseoftheusers.Thisontologyisconsideredasanuncertainenvironmentsinceit
establishespossiblelinks,withdegreesofpossibilitiesbetween0and1,betweentheobjectsand
proceduresof theexpertandthoseof theusers.Inorder torespondappropriatelytonoviceuser
requestsexpressedinnaturallanguage,wearethereforeinterestedinrepresentinginaccurateand
uncertaingoalsandobjectsofthenoviceusersinafuzzyontologywhichwillthenallowussearching
andextractingcorrespondingsystem’sgoalsandobjects.

Intheliterature,wehavenotfoundanyworkthataddressestheproblemofidentifyingqueries
fromnoviceusersbytryingtofragmentthesequeriesintoobjectsandprocedurestoidentifythem
separately.Andthen,usingtheconstructionofafuzzyontology,weeasilyidentifytheobjectand
proceduretargetedbytheuserviathesemanticlinksbetweenthesystemobject/userobjectand
thesystemprocedures/userprocedurespairs.Thisstrategyrepresentstheoriginalityofourwork
comparedtothefewexistingworks.

Therestof thispaper isorganizedas follows:Section2presents thebackground.Section3
providestheneededpreliminariesonFuzzysets,LinguisticVariablesandtheFuzzyOntologiesuses
inthiscontribution.Section4isdevotedtopresentingthearchitectureofourknowledgeextraction
approachanditsvariouscomponents. Insection5,wedetail thedifferent testsandperformance
measuresperformedandwepresenttheresultsoftheexperiment.Wewillconcludewithgeneral
conclusionsandfutureperspectivesforthiswork.

BACKGROUNd

Inthissection,wewillpresentthemainworkdonetosolveproblemssimilartoourproblem.Phan
inhiswork(PhanCong-Vinh,2009)proposedseriesofactionsandadaptationrelationsinhissystem
asaservice(SAS);theformalapproachproposedconsists,inparticular,ofcategoricalmodelsand
behaviorssuchthat,firstly,AASs,seriesofactionsandadaptationrelationswillcategoricallybe
modeled to provide algebraic frameworks for development of reasoning on their behaviors and,
secondly,categoricalbehaviorsofAASs,seriesofactionandadaptationrelationswillbeinvestigated
anddevelopedtakingadvantageoftheircategoricalmodels.

In(AkuoSuganuma,KenjiSugawara,TetsuoKinoshita,FumioHattori,NorioShiratori,2009)
theauthorsproposedintheirapplicationsystem,ahierarchicalstructureofmulti-agentsisorganized
dynamicallyusingheuristics inagentsbasedon the situationof awatchedpersonandwatching
persons.The systemappropriatelyalters thecontentsandqualityof the livevideo.The flexible
systemconstructionschemeusingamulti-agentframeworkfacilitatesthesymbiosisofRSandDS
bybridgingthegapsinthecare-supportservicedomain.

In(Uchiya,Maemura,Hara,Sugawara,&Kinoshita,2009)theauthorsproposedtoraisethe
efficiencyoftheagentsystemdesignprocess,theyproposeaninteractivedesignmethodofanagent
systemfoundedonanagent-repository-basedmulti-agentframeworkthatemphasizesanimportant
featureofagentsystemdesign:theuseandreuseofexistingagentsfromanagentrepository.Theyalso
proposeaninteractivedesignenvironmentofagentsystem(IDEA)anddemonstrateitseffectiveness.

In(Shanshan,Meng,Yingdong,&He.,2018)proposethenewdecision-makingmethodsto
theselectionofcoldchainlogisticsenterprisesunderanintuitionistsfuzzyenvironmentbasedon
thesegeneralizedinformationaggregationoperators,andtheproposedmethodevaluatesthescaled
prioritizedrelationshipsbetweencriteriabypriority labels inknownandunknownsituations. In
(Selvachandran,Pal,Alhawari,&Salleh.,2018),theauthorsintroducetwonewoperationsforthe
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interval-valuedcomplexfuzzysetmodel,andstudythefundamentalalgebraicpropertiesofthese
newoperations.Theutilityandapplicabilityoftherelationsofthismodelisthendemonstratedby
applyingittoaneconomicsproblem.Otherconsiderthatdecisionmakingusingfuzzysoft-setandits
extensionshasbecomethemostsignificantresearchareaintheageofuncertainty.Theevolutionof
fuzzysoft-setsduringthelastdecadeandahalf(2001-2015)toanalyzetheimpactoffuzzysoft-sets
anditsextensioninthedecision-makingparadigm.Basedonsomeselectedjournals,conferences,
andonlinedatabases,theyclassifythedecision-makingprocessmainlyintotendifferentcategories,
whicharebasedondifferenttypesoffuzzysoft-sets.Theybrieflyexploreeachindividualcategoryby
mentioningthetheoretical/algorithmicproposedapproaches.Furthermore,allpapersarecategorized
withrespecttopublicationyear,publishedjournal,applicationtype,anddecision-makingcriteria.This
literaturesurveyprovidesaplatformtotheresearcherstofindoutthedimensionsoffutureresearch
worksinfuzzysoft-setsbyanalyzingthepresentstateandpotentialareas.In(Sooraj&Tripathy.,
2018)authorsconsiderthatselectionisachallengingtaskduetothepresenceofhundredsofvarieties
ofseedsofeachkind,somehomeworkisnecessaryforselectingsuitableseedsasnewvarietiesand
kindsofseedsareintroducedinthemarketeveryyearhavingtheirownstrengthsandweaknesses.
Thecomplexitiesinvolvedinthecharacteristicsintheformofparametersresultsinuncertainties
andasaresultsomeuncertaintybasedmodelorhybridmodelsofmorethanisrequiredtomodelthe
scenarioandcomeoutwithadecision.Softsetshaveenoughofparameterizationtoolstosupport
andhenceisthemostsuitableoneforsuchastudy.Theauthorsproposedthenamodelcalledthe
intervalvaluedfuzzysoftsetandproposeadecision-makingalgorithmfortheselectionofseeds.
Andtheyconcludedthattheuseofsignedprioritiesandintervalsforthemembershipofvaluesfor
entitiesmakesthestudymoreefficientandrealistic.In(Chebil,Soualmia,&Omri.,2018)authors
haveproposedanewapproachtitledConceptualInformationRetrievalModel(CIRM).Theprinciple
ofthiscontributionistheexploitationofpossibilisticnetworks(PN)andamulti-terminologyinorder
toextractanddisambiguatetermsandthentoretrievedocuments.Thetwomeasuresofpossibility
andnecessitywereusedtoselecttherelevantconceptofanambiguousterm.Thus,theuserrequest
andunstructureddocumentsaredescribedthroughoutaconceptualrepresentation.Conceptswere
then filtered and ranked. Finally, a possibilistic network was exploited to match documents and
requests.Twobiomedical terminologieswereexploitedwhichare theMeSHthesaurus(Medical
SubjectHeadings) and theSNOMED-CTontology (SystematizedNomenclatureofMedicineof
ClinicalTerms).

Inthefollowingtable(seeTable1)wepresentasummaryreportofthedifferentapproaches
studiedinordertoidentifyandsummarizetheadvantagesandthelimitsofeachofthem.Thecriteria
ofcomparisonwerechosenasessentialcharacteristicsforanyinteractivesystemwhoseobjectiveis
tosatisfythefuzzyqueriesoftheusers.

FUZZy SETS, LINGUISTIC VARIABLES ANd ONTOLOGIES

Crustysetsarethesetsthatwehaveusedmostofourlife.Inacrustyset,anelementiseithera
memberofthesetornot.Forexample,ajellybeanbelongsintheclassoffoodknownascandy.
Mashedpotatoesdonot.

Fuzzy Sets
Fuzzysets,ontheotherhand,allowelementstobepartiallyinaset.Eachelementisgivenadegree
ofmembershipinaset.Thismembershipvaluecanrangefrom0(notanelementoftheset)to1(a
memberoftheset).Itisclearthatifoneonlyallowedtheextrememembershipvaluesof0and1,that
thiswouldactuallybeequivalenttocrustysets.Amembershipfunctionistherelationshipbetween
thevaluesofanelementanditsdegreeofmembershipinaset.
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Linguistic Variables: From Crusty Sets to Fuzzy Sets
Fuzzylogicisanextensionofclassicallogicwheretruthpropositionscantakeanynumberbetween
0and1tomodelimpreciseandpartiallytruestatements.Classicallogicdescribesabinarytruth
proposition,whereapropositionistrueifanelementeisamemberofthesetAofinterest(i.e.e∈
A=1),andapropositionisfalseifanelementeisnotpartofsetA(i.e.e∈A=0).Thesebinary
setsaresaidtobecrusty,andtheyarerepresentedbyastepmembershipfunctionμΑwhichmapsthe
elementetothesetAifAiscompletelyrepresentativeofe.InFigure1,themembershipfunction
assignsheightsbelowsixfeettothesetnottallandassignsheightsabovesixfeettothesettall.A
fivefeetteninchespersonisclassifiedasnottallandasixfeettwoinchespersonisclassifiedastall.
Formally,acrustysetorclassicalsetAisdefinedasfollows.

Table 1. Summary report of the different approaches studied

Approach Used Ontology
User Request 

in Natural 
Language

Used Uncertain 
Environment

Dynamic 
(Enrichissement)

Phanaproach
(Phan,2009) No No No No

Akuoetal.approach
(Akuoetal.,2009) No Yes No Yes

Takahiroapproach
(Takahiroetal.,2009) No No Yes No

Shanshanetal.approach
(Shanshan,etal.,2018) No No Yes No

Ganeshsreeetal.approach.
(Ganeshsreeetal.,2018) No No Yes Yes

SoorajandTripathyapproach
(SoorajandTripathy,2018) No No Yes No

Chebiletal.approach
(Chebiletal.,2018) Mesh Yes Yes No

Figure 1. Crusty membership function describing human height
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Definition 1:AcrustysetiscompriseofadomainXoftherealnumbers(alsocalledtheuniverseof
discourseofA)togetherwithamembershipfunctionμΑ(x),whereμΑ(x)isgivenbytheindicator
functioninEquation1:

µ
A
x

if x A

else
( ) =

∈






1

0

,

,
 (1)

Fuzzyset theoryexpands thisconcept toallowthedegreeofmembershipofanelement
toa set to liebetween0and1 (i.e themembership function isnot restricted toan indicator
function).Thus,aclassicalsetisaspecialcaseofafuzzyset.Twoclassesoffuzzysetsexist—
firsttypefuzzysetsandsecondtypefuzzysets—whichdifferbytheirabilitytohandlelinguistic
uncertainties.Afirsttypefuzzysetisdefinedbyasingledeterministic,orcrusty,membership
function.Onceitisdefined,alllinguisticuncertaintyaboutthemembershipfunctiondisappears.
Insecondtypefuzzysetsmembershipfunctionsarethemselvesuncertain,orfuzzy,andcantake
anyvaluewithintheirdefinedbounds.

First Type of Fuzzy Sets
Thefirsttypeoffuzzysetsarethemostwidelyused,andhavebeensuccessfullyappliedtomanyreal
worldproblems.Theymodellinguisticuncertaintythroughtheuseofacrustymembershipfunction,
whichdeterminesthesimilaritybetweenanumericalvariable(i.e.,elemente)andalinguisticvariable.
Formally,afuzzysetisdefinedbyMendeletal.(2014)asfollows.

Definition 2:AfuzzysetAiscomprisedofadomainXoftherealnumbers(alsocalledtheuniverse
ofdiscourseofA)togetherwithamembershipfunctionμΑ:X→(0,1).Foreachx∈X,thevalue
ofμΑ(x)isthedegreeofmembership,ormembershipgrade,ofxinA.IfμΑ(x)=1orμΑ(x)=0∀
x∈X,thenthefuzzysetissaidtobeacrustyset.

AFirsttypeoffuzzysetAisdescribedasinEquation2,wheretheintegraloperatordenotesthe
collectionofallvaluesxintheuniverseofdiscourseX,withdegreeofmembershipμΑ(x).Additionally,
theslashdoesnotdenotedivision.ItassociatesthevaluextoadegreeofmembershipinsetA:

µ µ
A xinA A
x x x( ) = ∫ ( )  (2)

Thenon-binarydegreeofmembershipofanumericalvariablextothesetAbettercaptures
thenuancesofreallifeandtheimprecisionsassociatedwithhumanreasoning.Thesharpboundary
usedbythecrustymembershipfunctiontocategorizehumanheightgiveninFigure1isunnatural,
asthereisnosharpboundarydescribingachangefromtalltonottall.Instead,humanstendtothink
ofagradualchangefromtheheightofatallpersontotheheightofapersonwhoisn’t.Thefuzzy
membershipfunctionshowninFigure2capturesthisimpreciseboundaryandgradualchange.The
fivefeetteninchespersonandthesixfeettwoinchespersonarebothabouthalftallandhalfnottall,
withthefirstbeingslightlymorenottallandthesecondbeingslightlymoretall.

Second Type of Fuzzy Sets
Thesecondtypeoffuzzysetsexpandtheirfirsttypecounterparttoincorporateuncertaintyintheir
membershipfunctiondefinition.Amajorcriticismofthefirstsetsisthattheyarethemselvesnon-
fuzzy,whichlimitstheirabilitytohandleuncertaintyintheirmembershipfunctiondefinition.Words
meandifferentthingstodifferentpeople,andarealsocontextdependent.Thisconceptcannotbe



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 3 • July-September 2020

46

adequatelycapturedbyfirsttypesets.Figure2showsaprecisedefinitionofthemembershipfunctions
fortall(i.e.,thereisnouncertaintyassociatedwithitsendpoints);however,aperson’sdefinitionof
theconcepttalltendstobevagueandtodependonseveralfactors,likenationalityandage.Using
afirsttypesetwithanexactmembershipfunctionseemscounter-intuitivewhendescribingafuzzy
quantitywhichisbydefinitionimprecise.Thesecondtypeofsets,orfuzzy-fuzzysets,providea
moreaccuratemodeloflinguisticuncertaintybyusingafuzzydefinitionoftheprimarymembership
function(Figure3).TheyaredefinedbytheirprimarymembershipμΑ,whichisplotted into the

planeofthepaper,andtheirsecondarymembershipu,whichisplottedontheverticalaxis.The
shadedareaisreferredtoasthefootprintofuncertainty(FOU)oftheprimarymembershipfunction,
andisboundedbelowbythelowermembershipfunction(LMF)andboundedabovebytheupper
membershipfunction(UMF).Theevenshadingimpliesthatallprimarymembershipsbetweenthe
LMFandUMFareequallylikelyandthusuniformlyweighted.Suchsetsaredenotedintervalthe
secondtypeoffuzzysets,andmakeupvirtuallyallapplicationsofthesecondtypeoffuzzysets.

Figure 2. Exemple of fuzzy membership function describing human height

Figure 3. Exemple of fuzzy membership function describing human height
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Fuzzysetswithnon-uniformsecondarymembershipfunctionsarecalledgeneralofsecondtypeof
fuzzysets,butarestillininfancy.Ifalluncertaintyaboutmembershipfunctiondefinitiondisappears,
thesecondarymembershipureducestoμΑandasecondtypeofsetreducestoafirsttypeset,much
likearandomvariablereducestothemeanwhenthevariancegoestozero.

Onecanalsothinkofasecondtypeoffuzzysetasacollectionofaninfinitenumberofembedded
firsttypefuzzysetscontainedwithintheshadedareaandboundedbetweentheLMFandUMF.For
intervalsecondtypeofsets,eachoftheseembeddedfunctionsisequallyweighted.

AsecondtypeoffuzzysetAcanbedescribedasinEquation3,wherethefirstintegraloperator
denotesthecollectionofallvaluesxintheuniverseofdiscourseX,andthesecondintegraldenotes
thecollectionofallsecondarymembershipu∈U⊆(0,1)ofitsembeddedfirsttypesets:

µ µ
A x X u U A
x x u x u

x
( ) = ∫ ∫ ( ) ( )∈ ∈ , ,  (3)

µ
A x X uin
x x u FOU A( ) = ∫ ∫ ( ) = ( )∈ ( )0 1 1 1

,
, /  (4)

Fuzzy Ontologies for Extracting Relevant Information
Werepresentherenetworksusedinthesearchforinformationthatallowustorepresentassociative
relationsbetweenthedifferentterms.Thesauriallowforexampletoextendaqrequesttosynonym
terms.Onecaneitherconsiderbinaryrelationsbetweenterms,orconsiderfuzzyrelationshipsas
Radecki(Radecki,1976)proposed.Inthelattercase,wespeakoffuzzyontologies.Lucarellaand
Morara(Lucarella&Morara,1991)presentanexampleofaninformationsearchsystembasedon
networksoffuzzyconcepts.Theyconsideranetworkofconceptsinwhichthelinksareoriented
andvaluedandinwhichalsonodesrepresentingthedocumentsappear(Figure4).Linkvaluation
representsthedegreetowhichtheconceptordocumentbeingpointedtorelevanttotheoriginnode.

Theconceptsareusuallywords(thekeywordschosenfortherepresentationofdocuments)andthe
automaticconstructionofontologiesmostoftenconsistsofmeasuringtheco-occurrenceofwordsin
thedifferentdocuments.Sowhentwowordsappearinthesamedocuments,theyareperfectlylinked.

Figure 4. Example of network’s fuzzy concepts
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PROPOSEd APPROACH

TheGeneralarchitectureoftheproposedapproachisgivenbyFigure5.Theexampleofatechnical
systemthatweconsiderisanairplanepilotingsystemwhoseobjectsaresuchasairplane,joystick,
throttle,andtheproceduresaresuchastakeoff,turnleft,orlowering.

Themodelweproposedoffers theuser theability toenterauser request thatcanbe in the
followingform:“Howtomaketakeoffthecraft?”Theextractionmodelthatweproposeallowsto
buildavalidsystemrequestsuchas“howtotakeofftheplane?”equivalenttotheinitialrequestuser.

Theanalysisoftheuserrequestisbasedonthesearchandretrievalofrelevantknowledgefrom
thefuzzysemanticnetworkthatformsthecoreoftheKB.Italsousesfuzzyontologyconstruction
toestimatetherelevanceofuserrequestsagainstequivalentsystemrequests(Figure6).

Structures of System Objects and Procedures
Structures of the System Objects
LetOSbeasystemobjectandOUbetheuserobject.Weassociatewitheachsystemobjectalistusers
denotedbyZOsandextractedfromnoviceuserrequestsexpressedinnaturallanguage.Foreachobject
inthelist,weassociatedadegreedijofbelonging µ

Ou Oi s
whichreflectsthedegreetowhichwe

believethatthesemanticmeaningofOuiistheuserobjectOSisneartothesemanticmeaningofthe
targetedsystemobjectOS.ThelistusersdenotedbyZOsisgivenbythenextequation(Equation5):

Z O d O d O d
Os U U U nn
= ( ) ( ) ( ){ }

1 211 12 1
, , , ,..., ,  (5)

Example:

Z machine device engine
air plain− = ( ) ( ) ( ){ }, . , , . ,..., , .0 5 0 6 0 2 

Figure 5. General architecture of the proposed approach
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Structure of the System Procedures
Aswithsystemobjects,wehaveassociatedwitheachsystemprocedurebelongingtoasystemclass
a“userzone”consistingofalistofproceduresusedbyuserstodesignatethesystemprocedureand
thedegreeswithwhichwebelievetheseprocedureshavebeenperformed.Asemanticmeaningclose
tothemeaningoftheintendedsystemprocedure.

Example:

Z start move leave the ground
remove

= ( ) ( ) − −( ){ , . , , . ,..., , .0 3 0 6 0 8 }} 

ToincreasetheperformanceofsearchenginesontheInternet,newmethodsareimplemented
thatnotonlylookfortermspresentintherequest,buttheyalsoallowtofindothertermsthatare
relatedtothosethataresought.Thesemethodsusewhatiscalled“fuzzyontologies”.

Ontology Construction Process
Theprincipleofourapproachalgorithmfortheautomaticconstructionoffuzzyontologiesisbasedon
twoprincipalsteps.Letusgivensomedefinitionsthatwillallowustheconstructionoftheontology.
Forthisreason,letμOcc(tij,ai)bethefunctionwhichcharacterizestheoccurrencesoftermtijinarticleai.

Definition 3:LetC={a1,a2,...,an}beacollectionofarticlesaiandeacharticleai=(t1,t2,...,tm)is
representedbyasetoftermstjandNT(ti,tj)bethefunctionwhichexpressesnarrow-thantj.We
definedthebelongingdegreeμNT(ti,tj)bythenextequation(Equation6):

Figure 6. Example showing the construction of ontologies
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µ
µNT i j

a C

a C

t t
Occ

,
min

( ) = ∈

∈

∑
∑

 (6)

μNT(ti,tj)≈1whentiandtjarepresenttogetherinthearticlesorwhentheoccurrencesoftiare
muchsmallerthanthoseoftj.

Definition 4:LetμBT(ti,tj)bethebroader-thanfunctionthatdenotestiiswiderthantj.Becausebroader
istheoppositeofnarrower,thismeasureisgivenbythenextequation(Equation7):

µ µ
BT i j NT j i
t t t t, ,( ) = ( )  (7)

Definition 5: The third relationship, called Related-Term (RT) is defined by the next equation
(Equation8):

µ
RT i j

a C

a C

t t
min

max
,

(

(
( ) = ∈

∈

∑
∑

 (8)

First Step of Ontology Construction Process
ThefirstistobuildacompleteontologyfromNTrelationships.Foreachpairofterms(ti,tj),we
computethemembershipdegreesoftwoNTrelations,∀ti,tj∈ai/ti≠tj,calculateμNT(ti,tj)andμNT(tj,ti).

WekeeptheNTrelationwhichhasthehighestdegree,max(μNT(ti,tj),μNT(tj,ti))andweeliminate
theotherNTrelationship.Inthisway,theNTredundantrelationshipsareeliminatedandthestored
informationishalved.

Whentherelationshipsbetweenthetermsarenotstrong,thevaluesoftheirNTrelationshave
lowdegrees,andthereforecannotbeincorporatedintotheontology.Onefixesacertainlimitα,then
oneapplies(α-cut)whichconsistsofremovingalltheNTrelationswhicharebelowthislimit.Ifan
NTrelationhasadegreeequaltozeroμNT(ti,tj)=0,thenthetwotermsareunrelated.

Second Step of Ontology Construction Process
ThisstepconsistsofreducingtheontologybyremovingallNTrelationsnotnecessary.Figure3
showstwoontologies,onewithexcessiverelationships,andtheothernormal.Fromthisitcanbe
noticedthattwotermscanhavearelationeitherdirectlyorviaotherterms“indirectpaths”.Webegin
byfindingalltheindirectpathsbetweenthetwotermstiandtj.

Definition 6:LetP NT t t NT t t NT t t
i m m m mp j

= ( ) ( ) ( ){ }, , , ,..., ,
1 1 2

beoneofthesepaths.NT(P)is
assumedtobeanNTalternativerelationfor(ti,tj).ThedegreeofadhesionofNT(P),whichis
definedbythenextequation(Equation9)asfollows:

µ
NT i m m m mp j
P min NT t t NT t t NT t t( ) = ( ) ( ) ( ){ }, , , ,..., ,

1 1 2
 (9)

Identification Algorithm of User Objects and Procedures
Theidentificationprocessconsistsofreturningthemostappropriatesystemobjecttotheuserobject
expressedinnaturallanguage.Theideaweproposeisnotonlytoexploitthedegreeofbelongingof
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theuserobjectoftherequesttothedifferentsystemobjects,buttobuildaSconsistingofobjects
fuzzyontologytoconnectthisobjectwithotherdomainobjects.Thegoalistofindthemostrelevant
pathforlinkingtheuserobjecttothetargetsystemobject.

Different Steps of the Algorithm
LetoUxbetheuserobjectcontainedintherequest,oSibethesystemobject,oUibetheuserobjectand
ZOSibetheuserareaofthesystemobjectoS.

Thefirststepofthealgorithmistoextracttheuserobjectsthatwillbeaddedtotheontology.
TheseobjectsmustchecktheconditionμOUi/OSk>μOUx/OSkandoUxetoUi∈ZOSk.Thisconditionis
necessarytoselectonlytheuserobjectsthathaveamoremeaningnarrowthantheinitialobjectof
theuser.TheextractedobjectsareaddedtothelistL={oUx,oU1,oU2,...,oUm}.

Thesecondstepofthealgorithmconsistsoftwodifferentphases.Inthefirstphase,wewillbuild
theontologyfromthelistLofuserobjectsusingtheNTrelationship(narrowerthan)betweenthe
twoobjectsoUiandoUj.Thenarrowerthandegreebetweentwotermstiandtjnotedµ

NT Ui Ui
o o,( ) is

definedbythefollowingequation(Equation10):

µ
µNT i j
k

k

t t
OUi OSk

,
min

,
( ) = ∑

∑
 (10)

WithμNT(oUi,oUj)istherelevancedegreewhichmeansthattheobjectoUiismorerelevantthanoUj.
Inthisstep,therelevantsystemobjectsareaddedtotheontologytogetthefinalfuzzyontology.
Inthirdstepweproceedtomeasuretherelevancedegreediofthedifferentsystemobjectswith

respecttotheuserobjecttobuildthelistofequivalentsystemobjectssortedinorderofdecreasing
relevance.

Theinputparameterofouralgorithmisthereforeauserobject(oraprocedure)andtheoutput
isasetmofobjects(orprocedures)systemssortedbydegreeofrelevancedidecreasing.

Building of the Equivalent System Requests

Algorithm:Constructionoftheontology

1. Begin 
2. Step 1: /*extraction of user objects*/ 
3. L={OUi

}
4. for each Z

OSi
, with O

Ui 
∈ Z

OSi
 do

5. if (O
Uj 
∈ Z

OSi
 and μ

NT
(O

uj
, O

Si
) ≥  μ

NT
(O

ux
, O

Si
) then L = L ∪ {O

uj
}

6. Step 2: /*Construction of the ontology*/ 
7. Phase 1: /*adding user objects to the ontology*/ 
8. ontology= {} 
9. for each O

ui
, O

uj
 ∈ L, and O

ui
 ≠ O

uj
 do

10. Calculate NT(O
ui
, O

uj
) and NT((O

uj
, O

ui
)

11. Select (O
Ui
,O

Uj
)=max{μ

NT
 (O

Ui
, O

Uj
), μ

NT
 (O

Uj
, O

Ui
)} and μ(O

Up
, O

Uq
) ≥ α

12. Add {NT(O
Up
,O

Uq
), μ

ΝΤ
 (O

Up
,O

Uq
)} to Ontology

13. Phase 2: /*adding system objects to the ontology*/ 
14. for ∀  O

Ui
 ∈ L do

15. if   O
Ui
 ∈ L such that {NT(O

ui
, O

uk
), μ

NT
, O

uk
)} ∈ Ontology then

16. for each O
Sj
 such that O

Ui
, ∈ Z

sj
 do

17. Add {NT (O
Ui
, O

Uk
)), μ

NT
(O

Ui
, O

Uk
) } to Ontology
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18. if ∃ O
Sj
 such that O

Ui
 ∈ Z

OSj
 and   S

o oui sj

→  then

19. Add {NT(O
Ui
, O

Sj
), μ

NT
(O

Ui
, O

Sj
) } to Ontology

20. Step 3: /*Computation of the relevance degrees*/ 
21. Let S

o oui si

→  be the maximum path that binds o
Ux
 to o

Si

22. Pert O O
nUx Si

i n, ,( ) = =∑ 1

23. end. 
  S

o oui si

→ : means that there is not a path that binds O
ui
 to O

Sj

n: is the number of lies in S
Ox OSi
→  and μ

ΝΤ
 is the value attributes 

to the link.

The construction of the equivalent system requests proposed to the user is based on the
identificationalgorithm(seeAlgorithm1).Afterhavingidentifiedtheobjectandtheuserprocedure,
thealgorithmforconstructingequivalentsystemrequestsproposestotheuser,basedonthesetof
objectsandproceduresidentified,asetofpossiblerequestswhichareassociateddegreesofrelevance.

Example:
Let’staketheexamplewheretheuserrequestis:Howtostartthecraft?Weseektoidentifythe

systemobjectthatcorrespondstotheuserobject“engin”,forthisreasonwewillusetheproposed
identificationalgorithm.

Thedifferentuserareasoftheobjectsairplane,motor,andsteeringwheelaredefinedasfollows:

Z engin apparatus machine
air plain− = ( ) ( ) ( ){ }, . , , . ,..., , .0 5 0 6 0 2 

Z Turbine engin machine
motor
= ( ) ( ) ( ){ }, . , , . ,..., , .0 4 0 5 0 6 

Z device joystick machine
steeringwheel

= ( ) ( ), . , , . ,..., , .0 6 0 4 0 2(( ){ } 

Step 1:ExtracttheUserObjects

InitiallywehaveL={oui}={machine}.SinceenginebelongstotheuserzonesZaircraftandZmotor,
we will add the user objects, that have a membership degree greater-than or equal to engin, to
L engin device machine= { }, , .

Step 2:Buildthefuzzyontology
Phase 1:AddingUserObjectstotheOntology

InthisphasewewillbuildthefuzzyontologyfromtheconstructedlistLandwewillusethe
equation(Equation2):

µ
NT
engin device

min min
,

. , . . ,

. .
.( ) = ( )+ ( )

+
=

0 5 0 6 0 5 0

0 5 0 5
0 5 

µ
NT
device engin

min min
,

. , . , .

.
.( ) = ( )+ ( )

=
0 6 0 5 0 0 5

0 6
0 83 
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µ
NT
engin machine

min min
,

. , . . , .

. .
.( ) = ( )+ ( )

+
=

0 5 0 2 0 5 0 2

0 5 0 5
0 8 

µ
NT
machine engin,

min . , . min . , .

. .
.( ) = ( )+ ( )

+
=

0 2 0 5 0 6 0 5

0 2 0 6
0 87 

µ
NT
device machine

min min
,

. , . , .

.
.( ) = ( )+ ( )

=
0 6 0 2 0 0 6

0 6
0 33 

µ
NT
machine device

min min
,

. , . . ,

. .
.( ) = ( )+ ( )

+
=

0 2 0 6 0 6 0

0 2 0 6
0 25 

Phase 2:Addingsystemobjectstotheontology.

WenoticethattheuserobjectsdeviceandmachinedonothaveNTrelationstootheruserobjects
ofL.Theycanthereforebelinkedtotheairplaneandenginesystemobjectssincetheyappearin
theirzones.Weobtainthefinalontology(seeFigure7).

Step 3:Countingoftherelevancedegrees.

TherelevanceofasystemobjectOSiwithregardtoauserobjectOUxiscalculatedasfollows:

Pert S
engin airplaine,

. .
.( ) = +

=
0 83 0 6

2
0 715 andPert S

engin motor,

. .
.( ) = +

=
0 87 0 6

2
0 73 

EXPERIMENTAL STUdy ANd RESULTS ANALySIS

Wecaneasilynoticethattheseworksofliteraturetrytohelptheuserstosatisfytheirobjects.But
noneofthemuseafuzzyontologytomeasurethesemanticlinksbetweenuserandsystemobjects
andprocedures.Forthisreason,wehavenotbeenabletoimplementtheliteratureapproachesto
comparethemtooursandwehave,instead,proposetousestandardmetricstomeasureandevaluate

Figure 7. Final fuzzy ontology obtained from the engin user object
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theperformanceofourapproach.Weconsideranumberofrelevantandirrelevantrequeststhatwere
renderedduringtheanalysisofauserrequests.Weusedthreestandardrelevancecoefficientswhich
arerecall,precisionandf-measurecoefficients.

Supposeasystemhasreturned10objects(orprocedures)inresponsetoarequest.Supposealso
thatajudgehasbeenshownandthatheconsidersthatonly5objects(orprocedures)arerelevant.We
willsaythatthesystemhasanaccuracyof50%.Thiswouldworkperfectlywithoutasmallproblem.
Thisisduetothefactthatonly5objects(orprocedures)arerelevantthroughoutthecollection.Finding
the5objects(orprocedures)wouldbeaperfectresult,andshouldnotbeseenasjust50%success.
Therefore,oneneedstodefineanothermeasureastheratioofrelevantobjects(orprocedures)found
onrelevantobjects(orprocedures)throughoutthecollection.

Forthismeasure,ourexamplewillbe5/5,so100%.Thismeasureiscommonlycalledareminder,
whereasthefirstonemeasurestheratioofobjects(orprocedures)foundrelevanttothetotalofobjects
(orprocedures)found,iscalledprecision.

Precisionandrecallmeasurementsareobtainedbypartitioningalltheobjects(orprocedures),
restoredbythesystemintotwocategories:therelevantobjects(orprocedures)andtheirrelevant
objects(orprocedures).

Therecallcoefficientmeasurestheabilityofthesystemtoretrieveallrelevantsystemrequests
respondingtotheinitialrequestofthenoviceuser.Itisgivenbytheratiooftherelevantfoundsystem
requeststothesetofsystemrequestsintheKB.

Definition 7:LetRbethenumberofsystemrequestsintheKBandR+bethenumberofrelevant
systemrequestsreturnedfromtheKBduringtheanalysisofauserrequest(qi).Wedefinedthe
recallcoefficientbythefollowingequation(Equation11):

Recall q
R

Ri( ) = +  (11)

Precisionmeasurestheabilityofthesystemtorejectallirrelevantsystemrequeststotheuser
requestexpressedinnaturallanguage.Itisgivenbytheratiobetweenthesetofrelevantselected
requestsandthesetofselectedsystemrequests.

Definition 8:LetR+bethenumberofrelevantsystemrequestsreturnedfromtheKBtotheduring
theanalysisofauserrequestqiandMbethenumberofsystemrequestsreturnedfromtheKB
thatarerelevanttotheuserrequestqi.Wedefinetheprecisiondegreeoftherequestqibythe
followingequation(Equation12):

Precision q
R

Mi( ) = +  (12)

Definition 9:WedefinetheF-measurecoefficientoftherequestqiasameasurethatcombinesprecision
andrecallmeasureswhichistheirharmonicmean,bythefollowingequation(Equation13):

F measure q
Precision Recall

Precision Recalli
− ( ) = ∗

∗
+

2  (13)
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Toevaluatetheperformanceofthemodel,wehavedevelopedourownKBfortheflightcontrol
systemfromthesemanticnetworkstructureinspiredbyflightsimulationsoftware(flightsimulator,
2004)andvalidatedbyanexperiencedpilotoftheairforce(Table2).

Wehavepreparedasetofuserrequeststhatwewillapplytoourapproach(Table3).
Tostudythebehavioroftheproposedapproach,followingistheinsertionofnewobjectsby

learning,wetesteduserrequestsonthreesets(seeTable4).
Wehavemeasuredtheaverageaccuracyofourextractionmodelforthedifferentsetsdefinedin

Table4.Wehavenoticedthatourmodeloffersagoodprecision(>0.4)whenthenumberofproposed

requestsislow,itisthatis,thepercentageofrequestsretrievedisintherange(0.07,0.3).Wehave
alsobeenabletonoticethatwhenthenumberofrequestsextractedisquitehigh,theaccuracyofthe
proposedapproachdecreaseswhileremaininghigherthan0.1andthustherewillalwaysberelevant
requestsamongtherequestsproposedtotheuser(seeFigure8).

Wealsoobservedanimprovementintheproposedapproachaccuracyforthecurvesofdataset1
anddataset2,especiallywhenthenumberofrequestsselectedbyourextractionmodelishigh.We
explainedthisphenomenonbythefactthattheenrichmentoftheKBallowedourmodeltoperfect
theextractionprocess.

Table 2. Characteristics of the test KB

Data Number

Systemobjects 26

Systemprocedures 38

Systemattributes 10

Possibilisticsystemrequests 38

Table 3. Characteristics of user requests

Data Number

Userrequests 30

Requestswithknownobjectsandunknownprocedure 8

Requestswithunknownobjectsandknownprocedures 8

Requestswithunknownobjectsandprocedures 14

Table 4. Characteristics of databases used sets of user requests

Data Base Number of User Objects Number of User Procedures

Firstdataset:Set1 26 36

Seconddataset:Set2 52 72

Thirddataset:Set3 78 108
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WemeasuredtherecallrateofourproposedmodelforthedifferentsetsoftheKB.Figure9
showsthattherecallratevariesintherange(0.45,1).Thisshowsusthatthemajorityofthesystem
requestsequivalenttotheinitialrequestofthenoviceuserwereselectedandextractedbyourextraction
model.Especiallyforthecurveoftheset2andthecurveoftheset3,wenoticethattherecallrate
isgreaterthan0.6.

WealsomeasuredtheF-measurerate toprovetheefficiencyofourproposedmodelfor the
differentsetsoftheKB.Figure10showsthattheF-measureratevariesintherange(0.32,1).This
valuesshowsthatthemajorityofthesystemrequestsequivalenttotheinitialrequestofthenovice
userwereselectedandextractedbyourextractionmodel.Especiallyforthethreecurves,wenotice
thattherecallrateisgreaterthan0.6.

Figure 8. Measurement of the precision coefficient

Figure 9. Measurement of the recall coefficient
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CONCLUSION

In this paper we presented a relevant knowledge extraction approach based on the automatic
constructionoftemporaryfuzzyontologyfortheidentificationandinterpretationofuserrequests.
Thefuzzyontologyallowedustoautomaticallyconstructequivalentsystemrequestsandestimatethe
relevanceoftheserequests.Inaddition,wecanshowthatitalsoallowsourmodeltorefinetheinitial
userrequestbypresentingtheuserwithalistofequivalentsystemrequestsbyexploitingthesemantic
relationsbetweenthedifferentobjectsanduserproceduresoftheontology.Theimplementationofthe
differentalgorithmsallowedustotesttheperformanceofthemodelandtomeasureitsaccuracyand
itsrecallcoefficient.Wehavenoticedthatourapproachhassignificantprecisionwhenthenumberof
proposedrequestsislowandanacceptableprecisionwhenthenumberofretrievedrequestsisquite
high.Wehavealsonoticedthattherecallrateofourmodelisquitehighespeciallyafterenrichmentof
theKB.Theusesofafuzzyontologyconstructedandenrichedautomaticallybytheinteractionwith
theusers,makeustoeasilyidentifytheobjectandproceduretargetedbytheuserviathesemantic
linksbetweenthesystemobjectanduserobjectorbetweensystemproceduresanduserprocedures
pairs.Thisstrategyrepresentstheoriginalityofourworkcomparedtothefewexistingworks.

Asprospectsofourwork,wefirstplantorenewdifferenttestsusingastandardKBtoverifyand
confirmthepreviousresults.Wehaveexperimentedourapproachasawholetostudyitseffectiveness
andverifyitsperformance,andinashort-termjob,weplantoconductaseparatetestofthisontology
toconfirmitshighlightwithregardstotheothertechniques.Themodel,weproposed,initscurrent
versioncansolveuserrequestswithaspecificformat,afirstimprovementofthemodelwouldbe
tohandlemorecomplexrequestsbyexploitingtheuserareasandthefuzzyvaluesofthesystem
attributes.Asecondimprovementwouldbetoincorporatealearningprocessthatenrichestheuser
areasofobjectsandprocedureswhilepreservingtheconsistencyandstabilityoftheKB.
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Figure 10. Measurement of the F-measure coefficient
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