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ABSTRACT

Knowledgediscoveryindatabases(KDD)aimstoexploitthelargeamountsofdatacollectedeveryday
invariousfieldsofcomputingapplication.Theideaistoextracthiddenknowledgefromasetofdata.
Itgathersseveraltasksthatconstituteaprocess,suchas:dataselection,pre-processing,transformation,
data mining, visualization, etc. Data mining techniques include supervised classification and
unsupervisedclassification.Classificationconsistsofpredictingtheclassofnewinstanceswitha
classifierbuiltonlearningdataoflabeledinstances.Severalapproacheswereproposedsuchas:the
inductionofdecisiontrees,Bayes,nearestneighborsearch,neuralnetworks,supportvectormachines,
andformalconceptanalysis.Learningformalconceptsalwaysreferstothemathematicalstructure
ofconceptlattice.Thisarticlepresentsastateoftheartonformalconceptanalysisclassifier.The
authorspresentdifferentwaystocalculatetheclosureoperatorsfromnominaldataandalsopresent
newapproachtobuildonlyapartofthelatticeincludingthebestconcepts.Thisapproachisbasedon
Dagging(ensemblemethod)thatgeneratesanensembleofclassifiers,eachonerepresentsaformal
concept,andcombinesthembyavotingrule.Experimentalresultsaregiventoprovetheefficiency
oftheproposedmethod.

KEywORdS
Classification Rules, Closure Operator, Dagging, Data Mining, Ensemble method, Formal Concept Analysis, 
Machine Learning, Nominal Concept

INTROdUCTION

The classification approach,which is basedon formal concept analysis, is a symbolic approach
allowingtheextractionofcorrelations,reasonsandrulesaccordingtotheconceptsdiscoveredfrom
data.ManylearningmethodsbasedonFormalConceptAnalysisareproposed,suchas:JSM-method
(Blinova,Dobrynin,Finn,Kuznetsov&Pankratova,2003),CLANN(Tsopze,Mephu-Nguifo&Tindo,
2007)),CITREC(Douar,Latiri&Slimani,2008),NAVIGALA(Visani,Bertet&Ogier,2011),HMCS-
FCA-SC(Ferrandinetal,2013),SPFC(Ikeda&Yamamoto,2013)andMCSD-FCA-PS(Buzmakov
etal,2016).Unfortunately,thisapproachencounteredsomeproblemssuchasexponentialcomplexity
(intheworstcase),ahigherrorrateandover-fitting(Meddouri&Maddouri,2008,2010).Mostof
themhandleonlybinarydata.Theconstructionoftheallconceptscanbeeitherexhaustiveornon-
contextual.Thereisabsenceoftheadaptiveselectionofconcepts(Meddouri&Maddouri,2008).

Forthesereasons,wefocusedinourresearchonensemblemethodsusedtoimprovetheerror
rateofanysinglelearner.WeproposedBFC(MeddouriI&Maddouri,2009)andBNC(Meddouri
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&Maddouri,2010)methodsbasedonsequentiallearning(Boosting).Allthedataareconsidered
ineachlearningstepandweightsareassignedtolearninginstances.However,itwasprovedthat
sequentiallearning(Boosting)isnotinteresting,insufficientforamoreefficientclassifierasDecision
Tree(Meddouri&Maddouri,2010).Otherensemblelearningmethodsexists,andtheyarebasedon
parallellearning.Thedifferencebetweenthesetwoensemblemethods,derivesfromhowtoselect
data for learning.Theyaredistinguishedby thedatasampling techniquesasBootstrappingused
tolearntheclassifiersfromparticularsubsets.TheparticularityoflearningfromaBootstrapisto
combinehardlearninginstancestomisleadinginstancesinthetrainingset(unlikethesequential
approach)(Breiman,96a,96b).Thebestknownmethod,whichisbasedonthistypeoflearningis
Dagging(Disjointsamplesaggregating)(Kotsiantis,Anyfantis,Karagiannopoulus&Pintelas,2007)
thatcreatesanumberofdisjointgroupsandstratifieddatafromtheoriginallearningdataset(Ting
&Witten,1997),eachconsideredasasubsetoflearning.Theclassifierisbuiltonthislearningsets.
Thepredictionsarethenobtainedbycombiningtheclassifiersoutputsbymajorityvoting(Ting&
Witten,1997).Thismethodhasshownitsimportanceinrecentwork(Meddouri,Khoufi&Maddouri,
2014).Then,weproposetousethistechniqueinthisworktostudytheclassifierensemblesbasedon
formalconcepts,since,nostudyhasfocusedontheformalconceptsinthecontextofparallellearning.

Insection2,wepresentastateoftheartonFormalConceptAnalysis.Insection3,wepropose
classifiersusingclosureoperatorsbasedonFormalConceptAnalysis.Inthesection4,anexperimental
study is presented to evaluate theperformance of nominal classifiers based ondifferent closure
operators. An experimental study is also presented showing the importance of parallel learning
comparedtosinglelearningforclassifiersbasedonFormalConceptAnalysis.

FORMAL CONCEPT ANALySIS ANd CLASSIFICATION

definition

A formal context is a triplet I A R, , , where  = …{ }i i i
n1 2

, , ,  is a set of n instances,
 = …{ }a a a

m1 2
, , , asetofmbinaryattributesand isabinaryrelationdefinedbetween  and

 . i a
k l
,( ) =1meansthat kth instance i

k
verifiesthe l th attributea

l
inrelation (Stumme,

Ganter&Wille,2005).Thecontextisoftenrepresentedbyacross-tableorabinary-tableasshown
inTable11.

LetX ⊆  andY ⊆  betwofinitesets.ForbothsetsX andY ,operatorsϕ X( ) andδ Y( ) 
aredefinedas:

• ϕ X y x x X and R x y( ) = ∀ ∈ ( ) ={ }| , ~ ~ , 1

• δ Y x y y Y and R x y( ) = ∀ ∈ ( ) ={ }| , ~ ~ , 1

Operatorϕ definesthepropertiessharedbyallelementsofX .Operatorδ definestheinstances
whichsharethesameattributesincludedinY .Operatorsϕ and ´ definetheGaloisconnection
betweensets  and   (Stumme,Ganter&Wille,2005).Anexample fromthe formalcontext
Weather of Table 1, we consider X i i= { }1 2

,  andY a a= { }4 8
, , so ϕ X a a( ) = { }1 4

,  and
δ Y i i i( ) = { }1 3 13

, , .
TheclosureoperatorsareX X"= ( )δ ϕ� andY Y"= ( )ϕ δ� .Finally,theclosedsetsX and

Y aredefinedbyY Y= ( )ϕ δ� andX X= ( )δ ϕ� (Stumme,Ganter&Wille,2005).Anexample
fromthepreviousformalcontextofTable1,wehave:
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• i i i i a a a i i
5 10 5 10 3 7 8 5 10
, " , , , , .{ } = { }( ) = { }( ) = { }δ ϕ δ�

• a a a a i i i a a
3 7 3 7 5 6 10 3 7
, " , , , , .{ } = { }( ) = { }( ) = { }ϕ δ ϕ�

Aformalconceptofthecontext I A R, , isapair(X Y, )whereX ⊆  ,Y ⊆  ,ϕ X Y( ) = 
andδ Y X( ) = .SetsX andY arecalled,respectively,theextent(domain)andintent(co-domain)
oftheformalconcept(Stumme,Ganter,&Wille,2005).Forexample,( i i a a

1 2 1 4
, , ,{ } { } )isaformal

conceptfromWeathercontext(Table1).Thesetofattributescommonto i
1

and i
2
is a a

1 4
,{ } .The

setofinstancesthatsharebotha
1
anda

4
is i i

1 2
,{ } .Contrariwise,( i i a

2 3 4
, ,{ } { } )isnotaformal

conceptsinceϕ i i a
2 3 4
,{ }( ) = { } and δ a i i i i

4 1 2 3 13{ }( ) = { }, , , .

Table 1. Illustration of the formal context (Weather data under binary format seen in Table 2)

I\A a1 a2 a3 a4 a5 a6 a7 a8 Play

i1 1 0 0 1 0 0 0 1 No

i2 1 0 0 1 0 0 0 0 No

i3 0 1 0 1 0 0 0 1 Yes

i4 0 0 1 0 1 0 0 1 Yes

i5 0 0 1 0 0 1 1 1 Yes

i6 0 0 1 0 0 1 1 0 No

i7 0 1 0 0 0 1 1 0 Yes

i8 1 0 0 0 1 0 0 1 No

i9 1 0 0 0 0 1 1 1 Yes

i10 0 0 1 0 1 0 1 1 Yes

i11 1 0 0 0 1 0 1 0 Yes

i12 0 1 0 0 1 0 0 0 Yes

i13 0 1 0 1 0 0 1 1 Yes

i14 0 0 1 0 1 0 0 0 No

Table 2. Specification of binary attributes

Attributes Signification

a1 Outlook=sunny

a2 Outlook=overcast

a3 Outlook=rainy

a4 Temperature=hot

a5 Temperature=mild

a6 Temperature=cool

a7 Humidity

a8 Windy
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Fromtheformalcontext I A R, , ,wecanextractallpossibleconceptsorganizedasacomplete
lattice(calledGaloislattice(Stumme,Ganter&Wille,2005)).Wedefinethefollowingpartialorder
relation‘� ’betweentwoconceptsas:(X Y X Y_ , _ ) ( ,1 1

2 2{ } { } � )ifandonlyif(X X
1 2
⊆ )and

(Y Y
2 1
⊆ ).Theconcepts(X Y

1 1
, )and(X Y

2 2
, )arerepresentedbynodesinthelatticediagram.

Formal Concept Analysis Based Classification
Aclassificationmethodmustdeterminetheclassofnewinstances.TheGaloislatticecanbeusedin
classificationasasearchspaceinwhichweevolveleveltoanother,byvalidatingthecharacteristics
associatedtothenewinstance(Visani,Bertet&Ogier,2011).Manyclassificationmethodswere
proposedintheliteratureusingGaloislattices(Trabelsi,Meddouri&Maddouri,2016).

Exhaustive Classification Methods
Usingonlyonesingleclassifiertogeneratealltheformalconcepts,isanexhaustivewaytobuilda
learningmodelbasedonGaloislatticesofformalconcepts.Manyclassificationmethodsexistinthe
literatureusingcompletelatticeofconceptssuchasJSM-method(Blinova,Dobrynin,Finn,Kuznetsov
&Pankratova,2003),NAVIGALA(Visani,Bertet&Ogier,2011),HMCS-FCA-SC(Ferrandinet
al.,2013)andSPFC(Ikeda&Yamamoto,2013).Theserecentmethodscarriedoutthevalidation
ofthecharacteristicsassociatedtoeachconceptinthelatticeslevelbylevel.Thenavigationinthe
latticeofconceptsstartsfromtheminimalconceptwherealltheconceptsofthelatticeareconsidered
ascandidateswithouthavinganideaontheirvalidity.However,theyvaryaccordingtothecriteria
usedforconceptsselectionandthesizeoflatticesoutliningformalconcepts(Trabelsi,Meddouri,
&Maddouri,2016).Therearethreecommonlimitationsforsystemsbasedonconceptlattice:the
complexity(timeandspace)ofgeneratingthelatticeisexponential,thenavigationinhugesearch
spaceishard(Meddouri&Maddouri,2008)andtheuseddataisbinary.Forthesereasons,many
researchersfocusedonsub-lattice-basedclassification.

Othermethodscanbuildasub-latticeofconcepts,whichreducestheirtheoreticalcomplexity
andtheirtimesofexecution.Asub-latticeisamathematicalstructurewhichrepresentsapartofthe
fulllatticeinaselectiveway(Stumme,Ganter&Wille,2005)(Trabelsi,Meddouri&Maddouri,
2016). Classification based on sub-lattice is similar to that started from a complete lattice. The
major difference between complete lattice and sub-lattice-based classification is the number of
conceptsgenerated.However, their limitation is thepossible lossof information inacondensed
datarepresentationorapartialreproductionofthefulllattice.SystemslikeIPR(Maddouri,2004),
CLANN(Tsopze,Mephu-Nguifo&Tindo,2007)andCITREC(Douar,Latiri&Slimani,2008),
MCSD-FCA-PS(Buzmakovetal,2016)arecharacterizedbytheabilitytobuildapartoftheconcept
latticeandinduceclassificationrules.

Adaptive Classification Methods
Generatingmanyclassifiersfromthesamemodelandcombiningthembyafusiontechniqueisan
adaptivewaytobuildalearningmodel.Variousmethodshavebeenproposedbasedonsequential
approach(Boosting)suchasBFC(MeddouriI&Maddouri,2009),BNC(Meddouri&Maddouri,
2010)andothersbasedonparallelapproach(Bagging)suchasDNC(Meddouri,Khoufi&Maddouri,
2014),FPS-FCA(Kuznetsov,2013)andRMCS(Kashnitsky&Ignatov,2014).

Boostingisanadaptiveapproach,whichmakesitpossibletocorrectlyclassifyanobjectthat
canbebadlyclassifiedbyanordinaryclassifier.ThemainideaofBoostingistobuildmanyclassifiers
whocomplementeachother,inordertobuildamorepowerfulclassifier.Atfirst,itselectsasubset
ofinstancesfromthelearningdataset(differentsubsetfromthetrainingdatasetineachiteration).
Then,itbuildsaclassifierusingtheselectedinstances.Next,itevaluatestheclassifieronthelearning
dataset,anditstartsagainT times(T isthenumberofgeneratedclassifiers).AdaBoost(Adaptive
Boosting)isthemostwell-knownmethodofBoostingforclassifiersgenerationandcombination.
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Inparallelapproach,BaggingisbasedonBootstraps.Eachclassifieristrainedonasetof ′n 
traininginstances( ′ <n n ),drawnrandomlywithreplacementfromtheoriginaltrainingsetofsize
n.Sucha trainingset iscalledaBootstrapreplicateof theoriginalset.EachBootstrapreplicate
contains,onaverage,63.2%oftheoriginaltrainingset,withmanyinstancesappearingseveraltimes.
Predictionsonthenewinstancesaremadebytakingthemajorityvoteoftheensemble.Theparticularity
ofthesetrainingsetsistoreducetheimpactofhardinstancestolearn(calledoutliersandmisleaders)
(Skurichina&Duin,1998).

Intheliteratureofvotemethods,themajorityvotecanturngoodclassifierstoalmostoptimal
(Breiman,1996a,1996b).Baggingistypicallyappliedtolearningalgorithmsthatareunstable,i.e.,
asmallchangeinthetrainingsetleadstoanoticeablechangeinthemodelproduced(Melville&
Mooney,2005).Becauseeachensemblememberisnotexposedtothesamesetofinstances,they
aredifferentfromeachother.Byvotingthepredictionsofeachoftheseclassifiers,Baggingseeks
toreducetheerrorduetovarianceofthebaseclassifier.Baggingofstablelearners,suchasNaive
Bayes,doesnotreduceerror(Melville&Mooney,2005).Theauthorsof(Kuncheva,Skurichina&
Duin,2002)report thatparallel learningimprovestheperformanceofunstableclassifiersuchas
neuralnetworksanddecisiontrees.TheyreportthatBaggingisnotverybeneficialforimprovingthe
performanceofalinearclassifieronlargedata.Itwillbethenadvantageoustousethesemethods
withunstableclassifierwhichisthecaseofclassifiersbasedonformalconcepts(Meddouri,Khoufi
&Maddouri,2014).

Intheliteratureofdatasamplingmethods,stratifiedsamplinghasprovedtobeefficient.
Disjointandstratifieddatasetsaremorerepresentativeoftheoriginaltrainingdatabase(Ting

&Witten,1997).Learningfromstratifieddatasamplesallowstogenerateamoreefficientclassifier
thanthosegeneratedfromtheweighteddatainthecaseofsequentiallearningclassifiers.Dagginghas
theparticularitytolearninparallelfromstratifieddatasets(Kotsiantis,Anyfantis,Karagiannopoulus
&Pintelas,2007).

PROPOSEd METHOdS LABEL

Anominal(multi-valued)contextisaquadruple I A V R
nom nom nom
, , , ,where:

• 
nom
= … …{ }i i i i

nom nom nom nomk n1 2
, , , , , isthesetofn

nom
instances.

• 
nom l m

a a a a
nom nom nom nom

= … …{ }1 2
, , , , , isthesetofm

nom
attributes.

•  = … …{ }v v v vl l l lp1 2
, , , ,

*
isthesetofvalues

• 
nom

isarelationdefinedbetween 
nom

,
nom

and .So
nom

isasetoftriples.

Eachtriple i a v
k l pnom nom

l, ,( ) meansthat v
pl

isavaluetakenbythe l th nominalattributea
lnom

on

kth nominalinstancei
knom

(R i a v
k l pnom nom

l, ,( ) exist)(Stumme,Ganter&Wille,2005).Table3represents
thenominal(multi-valued)contextofWeather.

Wedenotebyn
nom

thenumberofnominalinstances 
nom

andm
nom

thenumberofnominal
attributes

nom
with:

A I A A
nom l k nom l nom nom k l

a i a i a
nom nom nom nom nom

= { }∃ ∈ ∃ ∈ ( ) =| , ,  (1)
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Apertinentnominalconceptwithinthedatasetisextractedbyselectingthenominalattribute
whichmaximizethemeasureofInformationalGain(IG)calculatedfromthelearningcontext.

IG a E
S v

N
E v

l nom nom
p

p
l

p
l

nom

l

,
*

 ( ) = ( )−
( ) ( )

=
∑
1

 (2)

a
lnom

isrepresentedby(*l )differentvalues.TheInformationGainIG a
l nomnom
, ( ) ofthenominal

attributea
lnom

iscalculatedfromtheentropyfunction:E().E
nom
( ) calculatestheentropyofthe

wholenominalinstances 
nom

.E v
p
l( ) calculatestheentropyofavaluev

p
l ofthea

lnom
on 

nom
.S()

calculatesthepertinenceofavaluev
p
l ofthea

lnom
on 

nom
.n

nom
representsthenumberofnominal

instancesfrom 
nom

.

Proposition1:Fromanominalcontext(multi-valued),the δ operatorissetby:

δ v i R i a v exist
p
l

k nom k l pnom nom nom
l( ) = ∈ ( ){ } | , ,  (3)

Proposition2:Fromanominalcontext(multi-valued),the Æoperatorissetby:

ϕ i v i i i
nom p k k noml

nom nom
{ }( ) = ∀ ∈ { }{ | , and∃ ∈ ( ) }a R i a v exist

l nom k l pnom nom nom
l | , ,  (4)

Table 3. Illustration of the multi-valued context (Weather data under nominal format)

Outlook Temperature Humidity Windy Play

i1 sunny hot high false No

i2 sunny hot high true No

i3 overcast hot high false Yes

i4 rainy mild high false Yes

i5 rainy cool normal false Yes

i6 rainy cool normal true No

i7 overcast cool normal true Yes

i8 sunny mild high false No

i9 sunny cool normal false Yes

i10 rainy mild normal false Yes

i11 sunny mild normal true Yes

i12 overcast mild high true Yes

i13 overcast hot normal false Yes

i14 rainy mild high true No
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Then,welookfortheotherattributesdescribingalltheextractedinstances(usingtheclosure
operatorδ ϕ� v

p
l( ) ).

Learning Classification Rules Based on Nominal Concepts

We construct nominal concepts associated with one or each value v
p
l  of the nominal attribute

a v v
l p

l
p
l

nom
δ δ ϕ( ){ } ( ){ }( ), � .Aclassifierisobtainedbyseekingthemajorityclassassociatedwith

theextentofoneoreachconcept( δ v
p
l( ) ).Itinducesaclassificationrule.Theconditionpartofeach

ruleismadeupbytheconjunctionoftheattributesincludedintheintent:δ ϕ� v
p
l( ) .Theconclusion

partoftheruleismadeupbythemajorityclass.
Weconsiderhere4variantstolearnclassificationrulesbasedonNominalConcepts.These4

variantsdifferbythewaywecalculatetheclosureoperator δ ϕ� .

• CpNC_COMV:ClassifierpertinentNominalConceptbasedonClosureOperatorforMulti-Values
ofthepertinentnominalattribute.

• CpNC_CORV:ClassifierpertinentNominalConceptbasedonClosureOperatorforRelevant-
Valuesofthepertinentnominalattribute.

• CaNC_COMV:ClassifierallNominalConceptbasedonClosureOperatorforMulti-Valuesof
thepertinentnominalattribute.

• CaNC_CORV:ClassifierallNominalConceptbasedonClosureOperatorforRelevant-Values
ofthepertinentnominalattribute.

Classifier Based on Pertinent Nominal Concepts (CpNC)
Closure Operator on Each Value From the Pertinent Attribute (CpNC_COMV)

Oncethepertinentnominalattributeisselected(a
lnom

* ),weextractassociatedinstancestoeachvalue

v
p
l fromthisattribute( δ v

p
l( ) ).Then,welookfortheotherattributesdescribingalltheextracted

instances(usingtheclosureoperator δ ϕ� v
p
l( ) ).Weconstructnominalconceptsassociatedwith

eachvaluev
p
l ofthenominalattributea v v

l p
l

p
l

nom

* ,δ δ ϕ( ){ } ( ){ }( )� .Aclassifierisobtainedbyseeking

themajorityclassassociatedwiththeextentofeachconcept( δ v
p
l( ) ).Itinducesaclassificationrule.

Theconditionpartofeachruleismadeupbytheconjunctionoftheattributesincludedintheintent:
δ ϕ� v

p
l( ). Theconclusionpartoftheruleismadeupbythemajorityclass.

Algorithm1:AlgorithmofClassifierpertinentNominalConceptbasedonClosureOperatorfor
multi-valuesofthepertinentnominalattribute(CpNC_COMV)

Input: Sequence of n
nom

 instances 
nom n k

i y i y
nom nom

= ( ) … ( ){ }1 1
, , , ,  with 

labels  = { }y y
k1

,.., .

Output: h
CpNC COMV_

 a classifier.

Begin 
From 

nom
, find the attribute a

lnom

*  having the best IG value using 

(2); 
For each nominal value v

p
l  of a

lnom

* , calculate the closure 

associated to each v
p
l  based on (3) and (4) to construct pertinent 
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nominal concepts ({ }δ v
p
l( ), δ ϕ� v

p
l{ }( ));

Determine the majority class y  associated with the extent of each 

pertinent concept ( δ v
p
l( ) );

Induce and combine the new classification rules into h
CpNC COMV_

;

Return h
CpNC COMV_

;

End

Closure Operator on the Relevant Value of the Pertinent Attribute (CpNC_CORV)

BacktoCpNC_COMVandoncethepertinentnominalattribute(a
lnom

* )isselected,weextractinstances

associatedtomorerelevantvalue v
p
l
*
* ofthisattribute.Soweconstructonlyonepertinentconcept

associatedtothemostrelevantvaluev
p
l
*
* ofthepertinentattributea a v

l l p
l

nom nom

* *
*
*,δ δ ϕ( ){ } ( ){ }( )� .A

CpNC_CORV classifier isobtainedby seeking themajorityclassassociated to theextentof the
obtainedpertinentconcept( δ v

p
l
*
*( ){ } )Itinducesonlyoneclassificationrule.Theconditionpartof

thisruleismadeupbytheconjunctionoftheattributesincludedintheintent: δ ϕ� v
p
l
*
*( ){ } .The

conclusionpartofthisruleismadeupbythemajorityclass.
Algorithm 2: Algorithm of Classifier pertinent Nominal Concept 
based on Closure Operator for the relevant value of the pertinent 
nominal attribute (CpNC_CORV) 

Input: Sequence of n
nom

 instances 
nom n k

i y i y
nom nom

= ( ) … ( ){ }1 1
, , , ,  with 

labels  = { }y y
k1

,.., .

Output: h
CpNC CORV_

 a classifier.

Begin 
From 

nom
, find the attribute a

lnom

*  having the best IG value using 

(2) and its more relevant value v
p
l
*
*  ;

From v
p
l
*
* , calculate the closure based on (3) and (4) to construct 

a pertinent nominal concept δ δ ϕv v
p
l

p
l

*
*

*
*,( ){ } ( ){ }( )�  ;

Determine the majority class y  associated with the extent of the 

obtained pertinent concept δ v
p
l
*
*( ){ }( ) ;

Induce the classification rule to h
CpNC CORV_

 ;

Return h
CpNC CORV_

;

End

Classifier Based on all Nominal Concepts (CaNC)
CaNCconsiderthewholeoftraininginstancesandusenominalattributes.WhileCpNCcalculate
onlytheclosureofthepertinentattribute,CaNCconsiderallnominalattributesandcalculatethe
closureassociatedtoeachone.
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Closure Operator on Each Value from the All Nominal Attributes

Oneachnominalattribute(a
lnom

)fromthenominalcontext,weextractassociatedinstancestoeach

valuev
p
l fromthisattribute,usingδ v

p
l( ) (3).Thenweextractoneormanycommonnominalvalues

associatedwithoneormanycommonnominalattributes,usingδ ϕ� v
p
l( ) (4).So,weconstructmany

nominalconceptsassociatedwitheachvaluev
p
l ofthenominalattributea

lnom
: δ δ ϕv v

p
l

p
l( ){ } ( ){ }( ), � .

ACaNC_COMVclassifierisobtainedbyinvestigatingthemajorityclassassociatedtotheextentof

eachnominalconcept δ v
p
l( ){ }( ) .Itinducesmanyclassificationrules.Theconditionpartofeach

ruleismadeupoftheconjunctionoftheattributesincludedintheintent: δ ϕ� v
p
l( ){ } .Theconclusion

partoftheruleismadeupofthemajorityclass.
Algorithm 3: Algorithm of Classifier pertinent Nominal Concept 
based on Closure Operator for multi-values of each nominal 
attribute (CaNC_COMV) 

Input: Sequence of n
nom

 instances 
nom n k

i y i y
nom nom

= ( ) … ( ){ }1 1
, , , ,  with 

labels  = { }y y
k1

,..,

Output: h
CaNC COMV_

 a classifier.

Begin 
For each a

lnom
 and for each nominal value v

p
l , calculate the closure 

associated to v
p
l  based on (3) and (4) to construct nominal 

concepts δ δ ϕv v
p
l

p
l( ){ } ( ){ }( ), �  ;

Determine the majority class y  associated with the extent of each 

nominal concept δ v
p
l( ){ }( ) ;

Induce and combine the classification rules into h
CaNC COMV_

 ;

Return h
CaNC COMV\ _

 ;

End

Closure Operator on the Relevant Value from Each Nominal Attribute

Oneachnominalattribute(a
lnom

)fromthenominalcontext,weextractassociatedinstancestoits

relevantvaluev
p
l
*

,usingδ v
p
l
*( ) (3).Thenweextractoneormanycommonnominalvaluesassociated

withoneormanycommonnominalattributes,usingδ ϕ� v
p
l
*{ }( ) (4}).So,weconstructonenominal

conceptassociatedwiththepertinentvaluev
p
l
*

ofthenominalattributea v v
l p

l
p
l

nom
: ,

* *
δ δ ϕ( ) ( )( )� .

ACaNC_CORVclassifierisobtainedbyinvestigatingthemajorityclassassociatedtotheextentof
eachnominalconcept( δ v

p
l
*( ){ } ).Itinducesmanyclassificationrules.Theconditionpartofeach

rule ismadeupby the conjunctionof the attributes included in the intent: δ ϕ� v
p
l
*
.( ){ }( ) The

conclusionpartoftheruleismadeupbythemajorityclass.
Algorithm 4: Algorithm of Classifier pertinent Nominal Concept 
based on Closure Operator for a relevant value of each nominal 
attribute (CaNC_CORV) 
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Input: Sequence of n
nom

 instances 
nom n k

i y i y
nom nom

= ( ) … ( ){ }1 1
, , , ,  with 

labels  = { }y y
k1

,.., .

Output: h
CaNC CORV_

 a classifier.

Begin 

For each alnom  and for its relevant nominal value v p
l
* , calculate 

the closure associated to v p
l
*� �  based on (3) and (4) to construct 

nominal concepts δ δ ϕv v
p
l

p
l

* *
,( ){ } ( ){ }( )�  ;

Determine the majority class y  associated with the extent of each 
obtained concept δ v

p
l
*( ){ } ;

Induce and combine the classification rules into hCaNC CORV_  ;

Return hCaNC CORV_  ;

End

dagging FCA Based Classifiers
Recently,agreatnumberof researches inmachine learninghavebeenconcernedwithensemble
learningofclassifiersthatallowtheimprovementofasinglelearnerperformances(Meddouri,Khoufi
&Maddouri,2014;Kuznetsov,2013;Kashnitsky&Ignatov,2014).Thetwoprincipalreasonsfor
thissuccessareprobablythesimplicityofimplementationandtherecenttheoremsrelativetothe
boundaries,themargins,ortotheconvergence(Meddouri&Maddouri,2010).

In(Meddouri&Maddouri,2010),authorshavefoundthatthesequentiallearningisbeneficial
forclassifiershavingDecision TreestructuresuchasJ48andId3.In(Meddouri,Khoufi&Maddouri,
2012),authorsnoticedthatclassifierbasedonFormal Concept Analysisisnotgoodenoughwith
thesequentiallearningondatasetsofdifferentsizes.In(Breiman,1996a,1996b)and(Breiman,
1999),theauthorhasshown,theoreticallyandexperimentally,theimportanceandthereliabilityof
theparallelensembleapproach.

Intheliterature,stratifiedsamplinghasprovedtobeefficient(Ting&Witten,1997).Learning
fromstratifieddatasamplesallowstogeneratemoreefficientclassifierthanthosegeneratedfrom
theweighteddatainthecaseofsequentiallearningclassifiers.Dagginghastheparticularitytolearn
classifiers inparallelwayfromstratifieddatasets.Wepropose toexploit thisvariantofparallel
learningmethodtogenerateclassifiersbasedonnominalconcepts.TogenerateT classifiers,we
executeT timesthelearningalgorithmonvariousdisjointandstratifiedsetsoflearninginstances.
Eachsetoflearninginstancesissatisfiedtohaveasimilardistributiontotheinitialset.Thesamples
areobtainedbydrawingnnom

' instancesrandomlywithoutreplacementinthetrainingsamplenom ,
with n nnom nom

' < . These samples respect the distribution of learning instances as classes. The
principleof Dagging Classifiers Nominal Conceptisthentotakeseveraldisjointandstratifiedsamples
I I T

nom nom

Θ Θ1 , ,…{ } .Oneachofwhich,theClassifier Nominal Conceptisbuilttogetacollectionof

classifiers h hT1
, ,�� � andtocombinethembymajorityvotingrule(Ting&Witten,1997).

WeproposetoexploittheadvantagesofDagging(kotsiantis,Anyfantis,karagiannopoulos&
Pintelas,2007)toimprovetheperformanceofproposedClassifiers Nominal Concept:CpNCand
CaNC.Ourobjectivehereistostudythebehaviorofproposednominalclassifiersinparallellearning
usingDagging.
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EXPERIMENTAL STUdy

Inthissection,wearegoingtocompareexperimentallytheproposedClassifiers Nominal Concept:
CpNC_COMV,CpNC_CORV,CaNC_COMVandCaNC_CORV.Tocomparetheproposedmethods,
weconsidertheirclassificationerrorratesandtrainingtime.Furthercomparisonwillincludethe
Daggingoftheproposedclassifiers.

Weusedwell-knowndatasetsfromUCIMachineLearningRepository(Asuncion&Newman,
2007)).Thechosendatasetscontaincontinuousattributes.WediscretizethemwithaWEKA2filter.
Theusedfilter3isaninstancefilterthatconvertsarangeofnumericattributesintonominalattributes.
Thistransformationofdatamustbeusedbyourproposedclassifiers.Thesedatasetsarepresented
inTable4.TheDuplicatedDatacolumnpresenttheratiobetweenthenumberofduplicatedvectors
ofinstances(attributes)andthetotalnumberofvectorsineachdataset.TheDiversityDatacolumn
presenttheratiobetweenthenumberofdifferentvectorsofinstances(attributes)andthetotalnumber
ofvectorsineachdataset(Haghighi,Vahedian&Yazdi,2011).

Theperformanceofclassifiersgeneratedisevaluatedintermsoferrorrates.Tocalculatethese
rates,10Cross-validationmethodisusedinWEKAwhoseprincipleistodivideeachdataseton
10subsets.Inturn,eachsubsetusedfortestingandtheothersubsetsforlearning(Kohavi,1995).

Table 4. Characteristics of data sets used

Data Sets Instances Attributes Classes Data 
Duplicated

Data 
Diversity

1. Anneal 898 38 6 53,34 67,93

2. Car 1728 6 4 0 100

3. CMC 1473 9 3 51,6 64,83

4. Ecoli 336 7 8 88,69 20,24

5. Haberman 306 3 2 98,69 15,36

6. Iris 150 4 3 95,33 16

7. Kdd_synthetic_control 600 60 6 0 100

8. Kr-vs-Kp 3196 36 2 0 100

9. Lymphography 148 18 4 1,35 99,32

10. Molecular-biology_Promoters 106 57 2 0 100

11. Nursery 12960 8 5 0 100

12. Page-blocks 5473 10 5 85,53 23,1

13. Postoperative-Patient 90 8 3 18,89 88,89

14. Sonar 208 60 2 7,69 95,19

15. Spectrometer 531 101 48 3,01 97,36

16. Tae 151 5 3 99,34 7,28

17. Tic-Tac-Toe 958 9 2 0 100

18. Vowel 990 13 11 62,63 61,21

19. Waveform 5000 40 3 0 100

20. Wine 178 13 3 38,76 71,91
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Inthenextsubsection,wewilltrytoprovideanswerstothefollowingquestions:Whatisthe
bestproposedClassifierNominalConcept?Whichclosureoperatoritisbasedon?IsDaggingable
toamelioratetheperformanceoftheproposedClassifierNominalConceptbasedonFormalConcept
Analysis?

Comparison of Proposed Classifiers Nominal Concept
Table5presenttheerrorratesoftheproposedclassifiersnominalconceptsuchas:CpNC_COMV,
CpNC_CORV,CaNC_COMVandCaNC_CORV.AsshowninTable5,CpNC_CORVhasthespecific
abilitytoreducetheerrorratescomparedtotheothersproposedmethods(averageof11.94%).These
resultsshowthatCpNC_CORVisbetterthanCpNC_COMV(averageof34.14%)andholdsthebest
errorratesforallthedatasets.CaNC_COMVandCaNC_CORVproducedhighererrorratesthanthe
restoftheproposedclassifiers(respectivelyaverageof38.3%and44.1%).

Table6presentthetrainingtimefortheproposedclassifiersnominalconcept.CpNC_CORV
and CpNC_COMV are the faster compared to CaNC_COMV and CaNC_CORV. We report that
CpNC_CORV is4.61timesfasterthanCaNC_CORV.Also,CaNC_COMV is16.67timesslower
thanCpNC_CORV.

Table 5. Error rates of proposed classifiers nominal concept

Data Sets
CpNC_CORV CpNC_COMV CaNC_CORV CaNC_COMV

Err. Dev. Err. Dev. Err. Dev. Err. Dev.

1. Anneal 1.43 0.96 22.81 3.63 23.83 0.55 23.83 0.55

2. Car 8.69 7.12 29.98 0.16 25.25 2.66 29.98 0.16

3. Cmc 23.96 5.42 55.89 3.02 57.36 0.31 57.30 0.25

4. Ecoli 7.41 3.81 34.67 4.95 57.44 1.18 53.53 3.50

5. Haberman 14.96 4.96 24.87 5.34 18.33 4.13 26.47 1.08

6. Iris 0.00 0.00 4.00 4.64 9.73 6.59 11.93 8.33

7. Kdd_Synthetic_Control 9.35 3.40 42.35 4.56 59.75 4.94 34.73 4.27

8. Kr-vs-Kp 33.95 1.72 33.95 1.72 47.75 0.13 47.75 0.13

9. Lymphography 8.43 7.51 24.63 11.86 44.90 2.67 44.30 3.32

10. Molecular-Biology-Promoter 13.50 8.97 27.53 10.94 50.00 3.54 27.84 14.21

11. Nursery 13.55 2.84 29.03 0.99 55.74 3.58 51.76 1.83

12. Page-Blocks 0.64 0.34 8.99 0.66 10.23 0.04 10.23 0.04

13. Postoperatie-Patient-Data 19.78 9.94 27.89 6.61 28.89 5.47 28.89 5.47

14. Sonar 4.78 4.36 27.86 9.19 30.62 10.47 26.05 8.11

15. Spectrometer 26.25 6.33 72.30 3.35 82.88 3.43 75.72 2.54

16. Tae 18.73 13.18 55.48 12.33 64.61 6.19 56.85 8.67

17. Tic-Tac-Toe 9.60 2.42 30.06 4.31 34.66 0.41 34.66 0.41

18. Vowel 13.88 2.87 65.41 3.22 84.70 3.39 72.57 4.60

19. Waveform 7.25 1.04 43.18 1.24 54.12 2.23 36.18 3.07

20. Wine 2.74 4.24 21.93 8.71 41.24 9.44 15.39 8.11

Average 11.94 34.14 44.10 38.30
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Inourexperiments,theperformanceofthesesclassifiersisnotcorrelatedwiththediversityof
trainingdata.CaNC_COMVandCaNC_CORVhavetheparticularitytogeneratemanyclassification
rules,atleast,eachoneisassociatedtoeachattribute.Theirshighererrorratesareduetotheno-
pertinentgeneratednominalconcept.

dagging of Proposed Classifiers Nominal Concept
TostudytheperformanceofDaggingusingproposedclassifiersnominalconcept,wegeneratedsets
of11classifiers(Meddouri,Khoufi,&Maddouri,2014).WereportedtheirerrorratesinTable7
andtheirtrainingtimeinTable8.

FromTable7,wereportthatDaggingamelioratestheerrorratesofCpNC_CORVandCpNC_
COMVbyrespectivelyaverageof3,85%and9,96%.TheerrorratesofCaNC_COMVdeteriorate
byaverageof2,77%.TheerrorratesofCaNC_COpRVisslightlyimprovedbyaverageof0,77%.

Inaddition,wereportthatDaggingproducesthebesterrorrateswithCpNC_CORV(averageof
8.09%).TheseresultsshowthatDaggingofCpNC_CORVholdsthebesterrorratesforallthedatasets
(averageof43.33%).Dagging CpNC_CORVismoreefficientthanDagging CpNC_COMV(averageof
25.13%).DaggingofCaNC_COMVandCaNC_CORVproducedthehighesterrorrates(respectively
averageof43.33%and41.07%)comparedtotherestoftheclassifiers.Inconclusion,wecannote
fromtheseexperimentsthatparallellearningisinterestingforCpNC,especiallyforCpNC_CORV.

Table 6. Training time (milliseconds) of proposed classifier nominal concept

Data Sets CpNC_CORV CpNC_COMV CaNC_CORV CaNC_COMV

Time Dev. Time Dev. Time Dev. Time Dev.

1. Anneal 2.19 5.45 1.72 4.91 20.16 7.79 33.28 7.25

2. Car 1.56 4.71 1.41 4.49 1.72 4.91 4.38 7.05

3. Cmc 1.41 4.49 1.41 4.49 2.66 5.90 6.41 7.72

4. Ecoli 0.78 3.42 0.78 3.42 0.31 2.20 3.28 6.40

5. Haberman 0.00 0.00 0.47 2.68 0.47 2.68 1.09 4.01

6. Iris 0.00 0.00 0.31 2.20 0.63 3.08 0.16 1.56

7. Kdd_Synthetic_Control 1.72 4.91 3.13 6.28 15.16 3.48 84.06 10.60

8. Kr-vs-Kp 4.53 7.13 5.63 7.54 34.06 7.16 58.75 8.35

9. Lymphography 0.16 1.56 0.16 1.56 0.78 3.42 2.34 5.61

10. Molecular-Biology-Promoter 0.31 2.20 0.47 2.68 2.19 5.45 7.34 7.84

11. Nursery 12.34 6.77 13.44 6.29 19.69 6.89 48.91 6.14

12. Page-Blocks 5.94 7.62 7.34 7.84 17.50 5.10 49.22 6.43

13. Postoperatie-Patient-Data 0.00 0.00 0.00 0.00 0.00 0.00 0.47 2.68

14. Sonar 0.78 3.42 1.09 4.01 6.25 7.69 27.66 6.61

15. Spectrometer 4.38 7.05 4.84 7.26 31.25 3.85 155.00 7.91

16. Tae 0.31 2.20 0.16 1.56 0.47 2.68 0.94 3.73

17. Tic-Tac-Toe 0.78 3.42 0.63 3.08 2.34 5.61 3.13 6.28

18. Vowel 1.41 4.49 1.56 4.71 4.53 7.13 14.06 4.71

19. Waveform 12.66 6.16 14.84 4.65 77.34 7.15 359.38 12.37

20. Wine 0.63 3.08 0.31 2.20 1.25 4.26 3.75 6.71

Average 2.59 2.98 11.94 43.18
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Table8presents the training timeofDagging for theproposedclassifiersnominalconcept.
DaggingofCpNC_CORVandCpNC_COMV(respectivelyaverageof18.16msand18.84ms)are
thefastercomparedtotheDaggingofCaNC_COMVandCaNC_CORV (respectivelyaverageof
27.57msand64.88ms).WereportthatDagging CpNC_CORVis1.51timesfasterthanDagging 
CaNC_CORV.Also,Dagging CaNC_COMVis3.57timesslowerthanDagging CpNC_CORV.

Similarly, to theprevious experiments, theperformanceof these classifier ensembles isnot
correlatedwiththediversityoftrainingdata.Inconclusion,thediversityofdataisnotcorrelated
withtheperformanceofclassifiersnominalconceptbasedonFormal Concept Analysis.

Comparison with State-of-the-Art Classification Methods
Table9present theerror ratesofdifferentclassificationmethodsfromthe literature(Bayes Net,
Naive Bayes, SVM4, IB15, Decision Stump, Hoeffding Tree, C4.56, Random ForestandRandom Tree).
Asshowninthistable,Dagging CpNC_CORVhasthespecificabilitytoreducetheerrorrateswith
thelesserrorratefor12datasets.Dagging CpNC_CORVhasthebesterrorratesformostofthe
datasets(averageof8.09%),thenRandom Forest(averageof14.54%)comparedtoDecision Stump
(averageof40.08%).

Table 7. Performance of Dagging using proposed methods based on Classifier Nominal Concept

Data Sets

Dagging

CpNC_CORV CpNC_COMV CaNC_CORV CaNC_COMV

Err. Dev. Err. Dev. Err. Dev. Err. Dev.

1. Anneal 6.07 5.67 16.83 3.81 21.57 2.05 21.57 2.05

2. Car 6.06 7.47 31.31 2.97 26.21 2.25 29.98 0.16

3. Cmc 9.99 5.65 52.59 4.59 57.11 1.11 56.99 1.24

4. Ecoli 4.89 4.78 25.23 10.71 57.35 1.32 55.50 3.36

5. Haberman 4.51 4.96 19.37 8.14 13.96 5.41 24.41 3.53

6. Iris 0.67 3.73 3.13 6.93 11.27 9.32 19.93 11.93

7. Kdd_Synthetic_Control 5.10 3.11 36.20 9.24 56.27 5.91 33.98 5.19

8. Kr-vs-Kp 33.33 3.09 33.70 1.90 47.37 0.51 47.37 0.51

9. Lymphography 5.85 6.51 9.29 9.85 40.18 8.09 39.58 7.75

10. Molecular-Biology-Promoter 0.27 1.56 0.27 1.56 41.13 13.16 41.33 13.18

11. Nursery 13.95 2.95 29.03 0.99 56.07 3.29 47.09 2.74

12. Page-Blocks 0.77 0.94 7.90 0.94 10.23 0.05 10.23 0.04

13. Postoperatie-Patient-Data 11.11 11.05 16.22 13.16 24.44 8.79 24.56 8.83

14. Sonar 3.75 5.03 6.24 7.81 44.66 10.76 42.67 10.70

15. Spectrometer 11.96 5.24 42.98 10.38 85.10 3.65 77.91 4.74

16. Tae 7.76 9.46 19.05 12.59 60.87 10.16 58.80 9.86

17. Tic-Tac-Toe 11.46 4.22 33.21 6.58 34.49 1.66 34.61 0.48

18. Vowel 12.88 3.73 69.23 6.11 84.27 3.99 79.88 4.36

19. Waveform 8.56 2.18 44.90 2.10 57.81 2.98 36.23 3.01

20. Wine 2.77 4.91 5.98 8.13 36.26 11.88 38.78 10.31

Average 8.09 25.13 43.33 41.07
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Table10present the training time(inmilliseconds)ofdifferentclassificationmethodscited
previously,comparedtotheDaggingofCpNC_CORV.Asshowninthistable,IB1hasthebesttraining
time(averageof0.15ms),thenNaive Bayes(averageof2.07ms)comparedtoSVM(averageof636.38
ms).AsshowninTable9,IB1,Naive BayesandSVMdidn’thavethebesterrorrates(respectively
averageof17.74%,22.09%and17.44%).Dagging CpNC_CORV,Random ForestandSVMholdsthe
besterrorrates(respectivelyaverageof8.09%,14.54%and17.44%).Dagging CpNC_CORVis17.13
timesfasterthanRandom Forestand36.17timesfasterthanSVM.However,Dagging CpNC_CORV
isslowerthanIB1,Naive BayesandDecision Stump(whichhavetheworsterrorrates).

CONCLUSION

FormalConceptAnalysisisaninterestingformalismtostudymachinelearningandclassification
methods. Itallowsa fullconstructionof theconceptsand thedependence relationshipsbetween
conceptsinordertobuildalatticeofformalconcepts.Manyclassificationmethodsbasedonexhaustive
orcombinatoryapproachexistsintheliteratureofclassificationbasedonFormalConceptAnalysis.
Wehavepresentedalearningmethod:Daggingclassifiersbasedonnominalconcepts.Ourmethod

Table 8. Training time (milliseconds) of Dagging using proposed methods

Data Sets

Dagging

CpNC_CORV CpNC_COMV CaNC_CORV CaNC_COMV

Time Dev. Time Dev. Time Dev. Time Dev.

1. Anneal 16.88 5.29 17.03 5.48 33.75 6.17 53.13 8.01

2. Car 15.31 4.43 15.31 4.43 14.53 4.58 17.81 5.45

3. Cmc 14.53 5.09 15.47 4.71 15.47 3.51 20.47 7.91

4. Ecoli 13.59 5.28 13.75 5.10 14.22 4.49 15.78 3.51

5. Haberman 12.81 6.03 13.75 5.57 12.81 6.03 13.75 5.10

6. Iris 13.13 5.76 14.06 5.21 14.06 5.21 13.28 6.03

7. Kdd_Synthetic_Control 21.09 7.49 23.28 7.85 35.78 7.79 131.41 12.38

8. Kr-vs-Kp 19.38 6.71 20.63 7.65 53.13 8.31 80.63 7.60

9. Lymphography 13.13 6.56 14.53 4.01 13.91 5.39 15.63 4.97

10. Molecular-Biology-Promoter 14.22 5.01 16.09 6.06 18.13 6.17 32.03 5.15

11. Nursery 26.25 8.85 26.41 8.80 35.63 7.72 59.22 8.10

12. Page-Blocks 21.72 7.66 21.88 7.69 32.34 5.09 62.81 5.87

13. Postoperatie-Patient-Data 13.28 5.61 13.13 6.17 14.38 6.91 13.28 5.61

14. Sonar 18.75 7.02 20.00 7.05 26.56 7.20 68.44 8.54

15. Spectrometer 39.22 8.74 38.75 8.15 59.69 7.81 239.38 9.65

16. Tae 13.59 6.14 13.44 5.45 13.28 5.61 13.75 5.10

17. Tic-Tac-Toe 13.91 5.39 15.63 3.14 15.31 3.13 16.88 5.29

18. Vowel 16.09 3.48 17.34 5.39 18.91 6.40 27.97 6.40

19. Waveform 31.72 3.48 31.25 6.66 93.75 8.60 383.91 19.14

20. Wine 14.53 5.09 15.16 4.13 15.78 5.66 17.97 7.15

Average 18.16 18.84 27.57 64.88
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hastheparticularitytoconstructaclassificationruleformtheclosureoperatorofaselectedattribute.
TheproposedmethodsuggestsenlargingtheapplicationfieldsofFormalConceptAnalysisonatype
ofdataotherthanthebinaryone(i.enominal).

Inthispaper,wehaveproposed4variantsofourmethod.TheCpNCwhichcalculateonlythe
closureofthepertinentattribute.TheCaNCwhichconsiderallnominalattributesandcalculatesthe
closureassociatestoeachone.CpNCandCaNCconsiderthewholeoftraininginstancesanduse
nominalattributes.Eachonehastwowaystousetheclosureoperator.Sinceanominalattributehas
manynominalvalues,weproposedtheCpNC_CORVwhichisaclassifierofpertinentnominalconcept
basedonclosureoperatorfortherelevantvaluesofthepertinentnominalattribute.Furthermore,
CpNC_COMVhastheparticularitytoconsideraclosureoperatorformulti-valuesofthepertinent
nominal attribute. Besides, we have proposed the CpNC_CORV and CpNC_COMV which have
theparticularity toconsiderall thenominalconcepts.Theexperimental resultshaveshown that
CpNC_CORVreducestheerrorratescomparedtoCpNC_COMV,CaNC_CORVandCaNC_COMV.

Toimprovetheperformancesofourproposedapproach,weuseensemblemethods.Previous
researchesrecommendaparallellearningbyDaggingforclassifiersbasedonFormal Concept Analysis
insteadofthesequentiallearning.WehavepresentedavariantofDaggingtogenerateensembleof
classifiersbasedonFormalConceptAnalysis. Inparallel learning, fewclassifiersareenough to
reachbetterperformance.WehavemadeanexperimentalstudytoshowtheinterestoftheDagging
oftheproposedmethodbyusingknowndatasets.DaggingofCpNC_CORVreachedgoodprecision
comparedtoknownmethodslikeJ48andSVM.WereportthateveninDagging CpNC_CORVis
betterthanothervariants.Accordingly,werecommendusingtheclosureoperatorontherelevant
valueofthepertinentattribute.

Moreexperimentsarepossibleonlargerdatasetswithotherensemblemethods,suchasRandom 
Forests.Manyimprovementsontheensemblemethodscanbebrought.DNChasadoptedmajority
voteforclassifiercombination.Avarietyofvotingrulesalreadyexist.Hence,astudyoftheserules
canbebeneficialtoimprovetheperformanceofourmethod.
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3 weka.filters.unsupervised.attribute.Discretize
4 Inthiswork,theSMOmoduleofWEKAwithadefaultparametersettingisusedtoperformclassification

viatheSVM
5 Inthiswork,theIBkmoduleofWEKAwithdefaultparametersettingsisusedtoperformclassification

viatheNearst-neighbourclassifier
6 Inthiswork,theJ48moduleofWEKAwithadefaultparametersettingisusedtoperformclassification

viatheC4.5
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