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ABSTRACT

Indataminingthetaskofextractingclassificationrulesfromlargedataisanimportanttaskandis
gainingconsiderableattention.Thisarticlepresentsanovelantminerforclassificationrulemining.
Theantminerisinspiredbyresearchesonthebehaviourofrealantcolonies,simulatedannealing,and
somedataminingconceptsaswellasprinciples.ThispaperpresentsaPittsburghstyleapproachfor
singleobjectiveclassificationrulemining.Thealgorithmistestedonafewbenchmarkdatasetsdrawn
fromUCIrepository.Theexperimentaloutcomesconfirmthatantminer-HPB(HybridPittsburgh
StyleClassification)issignificantlybetterthanant-miner-PB(PittsburghStyleClassification).
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1. INTRodUCTIoN

Learning classification rules from instances have been a subject of intense study in
data mining (Han & Kamber, 2006; Dehuri, Ghosh & Ghosh, 2008; Panda, Dehuri, &
Patra,2015).Basedonvarioustheoriesandtechniques,manydifferentalgorithmshave
been proposed to generate classification rules (Dehuri & Mall, 2006; Dehuri, et al.,
2008,&Kalia,etal.,2018).However,therearethreecommonandimportantfactorsfor
classification rule learning: higher predictive accuracy, smaller rule sets, and shorter
running time (Freitas, 2002;). More precisely, higher predictive accuracy means more
efficientapplication;smallerrulesetsenablebetterunderstandingfortheuser,andshorter
runningtimemeansthatthealgorithmcanbeappliedtoonlinesystemsandaddressthe
scalabilityissue(Kalia,etal.,2018).

Antminerisanapplicationforextractingclassificationrulesfromdatabysimulatingthe
behavioursofrealantcolonies(Parpinelli,Lopes,&Freitas,2001).Aimingattheinsufficiencies
ofant-miner,researchershaveproposedsomeimprovementstrategiesresultingnewversions
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ofant-minerincludingnewheuristicfunctionformula,anewpheromoneupdatingmethod,
andastatetransitionrule,whichcangethigheraccuracyrate(Otero,Freitas&Johnson,2008;
Liu, Abbass, & McKay, 2004; Parpinelli, Lopes, & Freitas, 2002).A comparative analysis
andsurveyofantcolonyoptimizationbasedruleminercanbeobtainedin(Ali&Shahzad,
2017).Ontheotherhand, inrule-basedclassifier,manyobjectivesareinvolvedandregain
simultaneous optimization, for example, minimization of the number of rules or length of
rule, maximization of classification accuracy of the rule, maximization of interestingness,
etc (Dehuri,Ghosh,&Ghosh,2008). In lieuof thesecriterions,classification rulemining
problemisnotrestrictedassingleobjectiveproblem.Itisalsoanattractivefieldofresearch.
Formanyobjectiveoptimizationresearches,althoughwerealizethisclassificationrulemining
is amulti-objectiveoptimizationproblembutbygivinghigherpriority to theobjectiveof
classificationaccuracy,anovelalgorithmhasbeendevelopedbyus.Weexplorethesearch
spacebygivingproperattentiontobothgoodandbadsolutionwithcertainprobabilities(this
conceptisderivedfromsimulatedannealing(Aarts&Korst,1989;Laarhoven&Aarts,1987).
However, overall rule discovery process is motivated by ant colony optimization method
(Mahapatra&Patnaik,2018;Angus&Woodward,2009).Thecombinedapproachofboth
stochasticapproachesdrivesustouncoverhiddenpatternveryeffectively.

2. PReLIMINARIeS

Inthissection,wediscusstwobasicalgorithmicparadigmslikeantcolonyoptimizationandsimulated
annealinginfollowingSubsections.

3. ANT CoLoNy oPTIMIZATIoN

Sincetheearly1990‘s,severalcollectivebehavior(likesocialinsectsandbirdflocking)inspired
algorithms have been proposed and applied in many optimization problems with inherent
intractability (Abraham, Grosan, & Ramos, 2006; Bonabeau, Dorigo, & Theraulaz, 1999;
Tao,2018).AntColonyOptimization (ACO)(Blum,2005;Dorigo&Stutzle,2006;Dorigo,
Maniezzo,&Colorni,1996;Bonabeau,Dorigo&Theraulaz,1999)isoneofthemostpopular
algorithmsofthemandwasintroducedaround1990.Antsaresocialinsects,livingincolonies
andexhibitaneffectivecollectivebehavior.Althougheachantisrelativelyasimpleinsectwith
limitedindividualabilities,aswarmofantshastheabilitytofindtheshortestpathfromtheir
nest to food. Further, it was discovered that most of the communication amongst individual
antsisbasedontheuseofachemical,calledpheromonethatisdroppedontheground.Asants
walkfromafoodsourcetothenest,pheromoneisdepositedontheground,creatinginthisway
apheromonetrailonthepathused.Shorterpathswillbetraversedfasterandbyconsequence,
willhavestrongerpheromoneconcentrationthanlongerpathsoveragivenperiodoftime.The
morepheromonepathcontains, themoreattractive itbecomes tobe followedbyotherants.
Hence,astimegoesby,moreandmoreantswillprefertheshorterpath,whichwillhavemore
andmorepheromone.Attheend,almostallantswillbefollowingasinglepathwhichusually
willrepresenttheshortestpathbetweenthefoodsourceandthenest.

An ant probabilistically chooses a path to follow based on heuristic information
and the amountofpheromonedepositedbyprevious ants.The inter-activeprocessof
buildingcandidatesolutionsandupdatingpheromonevaluesallowsanACOalgorithm
toconvergetooptimalornearoptimalsolutions(Liu,Zhang,&Yu,2019;Al-Behadili,
2018). Algorithm 1 presents a high-level pseudo code of a basic ACO procedure,
comprising fourmainsteps: Initialization (),Construct-Ant-Solution (),Local-Search
(),andUpdate-Pheromone().
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Algorithm1.High-levelpseudocodeofabasicACOalgorithm

BEGIN 
INITIALIZATION(); 
WHILE (Termination condition not met) DO 
BEGIN 
Construct-Ant-Solutions(); 
          Apply Local-Search(); // optional 
Update-Pheromones(); 
END 
END WHILE 
RETURN Best Solution; 
END

3.1. Construction of Ant Solution ():
Candidatesolutionsarecreatedbysimulatingthemovementofartificialantsontheconstruction
graph.Eachantincrementallycreatesacandidatesolutionbymovingthroughneighborverticesof
theconstructiongraphG.Hence,acandidatesolutionisrepresentedbythelistofvisitedvertices,
whichcorrespondstoapathintheconstructiongraph.Theverticestobevisitedarechosenina
stochasticdecisionprocess,wheretheprobabilityofchoosingaparticularneighborvertexdepends
onboththeproblemdependentheuristicinformationη andtheamountofpheromoneτ associated
with theneighborvertex ( η τ

j j
 and , respectively)or the edge leading to theneighborvertex (

η τ
ij ij
 and ,respectively).Givenanantcurrentlylocatedatvertexv

i
,theprobabilityofselectinga

neighborvertexv
j
isgivenby:

P j
ij

j j

j j j

i
i
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 ×








 ×
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,    (1)

whereτ
j
andη

j
arethepheromonevalueandheuristicinformationassociatedwiththe j th vertex,

respectively,
i

isthefeasibleneighborhoodoftheantlocatedatvertexv
i
(thesetofverticesthat

theantcanvisitfromvertexv
i
),α andβ are(userdefined)parametersusedtocontroltheinfluence

ofthepheromoneandheuristicinformation,respectively.

4. UPdATe PHeRoMoNe

After building the candidate solutions of iteration, the updating of pheromone trails in the
constructionofgraphisusuallyaccomplishedintwosteps,namelyreinforcementandevaporation.
Thereinforcementstepconsistsofincreasingtheamountofpheromoneofeveryvertex(oredge,in
thecasethatpheromoneisassociatedwithedgesoftheconstructionofgraph)usedinacandidates
solutionanditisusuallyonlyappliedtothebestcandidatesolutionaccordingtoaproblemdependent
qualitymeasureQof thecurrent iteration.Assuming thatpheromonevaluesareassociatedwith
verticesoftheconstructiongraph,asimplereinforcementruleisgivenby:

τ τ
i i

Q CS i CS= + ( ) ∀ ∈∆ ,     (2)
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where∆Q(CS)istheamountofpheromoneproportionaltothequalityofthecandidatesolutionCS
tobedeposited. τ

i
isthepheromonevalueassociatedwiththe ith vertexofthecandidatesolution

CS.Theevaporationstepconsistsofloweringthepheromonevalueofeveryvertexoredgesimulating
thenaturalphenomenonofpheromoneevaporationinordertoavoidaquickconvergenceofallants
towardasub-optimalsolution.Assumingthatpheromonevaluesareassociatedwithvertices,asimple
evaporationruleisgivenby:

τ ρ τ
i i

i G= −( ) ⋅ ∀ ∈1 ,     (3)

where ρ ∈ 

0 1,  is a parameter representing the evaporation factor, τ

i
 is the pheromone value

associatedwiththe ith vertexoftheconstructiongraphG.

5. SIMULATed ANNeALING

Thesimulatedannealing(Aarts&Korst,1989;Hwang,1988)proceduresimulatesthisprocessof
slowcoolingofmoltenmetaltoachievetheminimumfunctionvalueinaminimizationproblem.
Thecoolingphenomenonissimulatedbycontrollingatemperature-likeparameterintroducedwith
theconceptoftheBoltzmannprobabilitydistribution.AccordingtotheBoltzmann∆E probability
distribution, a system in thermal equilibrium at a temperature T has its energy distributed

probabilisticallyaccording to P E E
kT( ) = −( )exp ∆ ,wherek is theBoltzmannconstant.This

expressionsuggeststhatthesystematahightemperaturehasalmostuniformprobabilityofbeingat
anyenergystate,butatalowtemperatureithasasmallprobabilityofbeingatahigh-energystate.
Therefore,bycontrollingthetemperatureTandassumingthatthesearchprocessfollowstheBoltzmann
probabilitydistribution,theconvergenceofanalgorithmcanbecontrolled.Metropolis,etal.in1953
(Laarhoven&Aarts,1987)suggestedawaytoimplementtheBoltzmannprobabilitydistributionin
simulatedthermodynamicsystems.Thesamecanalsobeusedinthefunctionminimizationcontext.

Letussay,atanyinstancethecurrentpointis x t( ) andthevalueatthatpointis E t f x
t( ) = ( )( ) .

Using themetropolisalgorithm,wecansay that theprobabilityof thenextpointbeingat x t−( )1 
dependsonthedifferenceinthefunctionvaluesatthesetwopointsoron∆E E t E t= +( )− ( )1 
andiscalculatedusingtheBoltzmannprobabilitydistribution:

P E t E
kT

+( )( ) = −( )





1 1min , exp ∆  (4)

If∆E ≤ 0 , thisprobabilityisoneandthepoint x t−( )1  isalwaysaccepted.Inthefunction
minimizationcontext,thismakessensebecauseifthefunctionvalueatx t−( )1 isbetterthanthatat
x
t( ) ,thepoint x t−( )1 mustbeaccepted.Theinterestingsituationhappenswhen,∆E > 0 which

impliesthatthefunctionvalueat x t−( )1 isworsethanthatat x t( ) .Accordingtomanytraditional
algorithmsthepoint x t−( )1 mustnotbechoseninthissituation.ButaccordingtotheMetropolis
algorithm,thereissomefiniteprobabilityofselectingthepointx t−( )1 eventhoughitisworsethan
thepointx t( ) .However,thisprobabilityisnotthesameinallsituations.Thisprobabilitydepends
onrelativemagnitudeof∆E &Tvalues.IftheparameterTislarge,thisprobabilityismoreor
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lesshighforpointswithlargelydisparatefunctionvalues.Thus,anypointisalmostacceptablefor
alargevalueofT.Ontheotherhand,iftheparameterTissmall,thisprobabilityofacceptingan
arbitrarypointissmall.Thus,forsmallvaluesofT,thepointswithonlysmalldeviationinfunction
valueareaccepted.

Simulatedannealingisapoint-by-pointmethod.Thealgorithmbeginswithaninitialpointand
ahightemperatureT.Asecondpointiscreatedatrandominthevicinityoftheinitialpointandthe
differenceinthefunctionvalues ∆E( ) atthesetwopointsiscalculated.Ifthesecondpointhasa
smaller functionvalue, thepoint is accepted: otherwise thepoint is acceptedwith a probability

exp −( )∆E
T

. This completes an iteration of the simulated annealing procedure. In the next

generation, anotherpoint is created at random in theneighborhoodof the currentpoint and the
Metropolisalgorithmisusedtoacceptandrejectthepoint.Inordertosimulatethethermalequilibrium
ateverytemperature,anumberofpoints(n)areusuallytestedataparticulartemperature,before
reducing the temperature. The algorithm is terminated when a sufficiently small temperature is
obtainedorasmallenoughchangeinfunctionvaluesisfound.

Algorithm2.Canonicalalgorithmofsimulatedannealing

1. Choose an initial point x
0( ), a termination criterion ε .

   Set T a sufficiently high value, number of iteration to be  
   performed at a particular temperature n, and set t=0. 

2. Calculate a neighboring point x N x
t t−( ) ( )= ( )1

, Usually, a random 

   point in the neighborhood is created. 

3. If E E x E x set t t
t t

  ∆ = ( )− ( ) < = +−( ) ( )1
0 1,

   Else 
   Create A random number (r) in the range (0,1). 

                     If r E
T
set t t  ≤ −( ) = +exp ∆ 1

   Else go to step 2. 

4. If x x and T is small terminate
t t−( ) ( )− <1 ε     ,

   else if t mod n then lower T according to cooling sche( ) = 0 ddule .

                         go to step2;
   Else go to step 2.

Theinitialtemperature(T)andthenumberofiteration(n)performedataparticulartemperature
aretwoimportantparameterswhichgovernssuccessfulworkingofthesimulatedannealingprocedure.
IfalargeinitialTischosen,ittakesanumberofiterationsforconvergence.Ontheotherhand,ifa
smallinitialTischosenthesearchisnotadequatetothoroughlyinvestigatethesearchspacebefore
converging to the true optimum. A large value of n is recommended in order to achieve quasi-
equilibriumstateateachtemperature,butthecomputationtimeismore.Unfortunately,thereareno
uniquevaluesoftheinitialtemperatureandthatworkforeveryproblem.However,anestimateofthe
initialtemperaturecanbeobtainedbycalculatingtheaverageofthefunctionvaluesatanumberof
randompointsinthesearchspace.Asuitablevalueofncanbechosen(usuallybetween20to100)
dependingontheavailablecomputingresourceandthesolutiontime.Nevertheless,thechoiceof
initial temperatureandsubsequentcoolingschedulestill remainanartandusually requiresome
trial-and-errorefforts.



International Journal of Artificial Intelligence and Machine Learning
Volume 10 • Issue 1 • January-June 2020

50

6. ANT MINeR-PB (ANT MINeR- PITTSBURGH STyLe)

IntheMichiganstyleapproach,eachantcorrespondstoaruleandasetofrulesisrepresentedbythe
colonyofants,usingsomemechanismtoensurethatdifferentrulescoverdifferentregionsofthedata
space.Hence,asinglerunofaprocedurefollowingaMichiganapproachdiscoversacompletelist
ofrules.Similarly,inthePittsburghapproach,eachrunoftheprocedurediscoversacompletelistof
rules(thebestlistofrulesproducedoveralliterations).OneofthemaindifferencesbetweenIRL/
MichiganandPittsburghapproachesisthatinthelatteracompletelistofrules,whichconstitutes
anant,isevaluatedinsteadofasinglerule,inordertoguidethediscoveryprocess.Asdiscussedin
(Freitas,2002)evaluatingthequalityofaruleindividually,insteadofthequalityofalistofrulesas
awhole,hasdifficultywiththeproblemofruleinteractioni.e.,thelistofbestrulesisnotnecessarily
thebestlistofrules(Oteroetal.,2012).

TheclassificationrulesdiscoveredthroughPittsburghapproachbasedontheantminerispresented
inthefollowingalgorithm.Thisalgorithmtosomeextentovercomestheruleinteractionproblemof
antminer-MC(MichiganApproach).

Algorithm3.AntmineralgorithmofPittsburghstyle(AntMiner-PB)

Procedure Ant Miner Pittsburgh Style− − − − ()
Input TrainingSet: ;
Output List of Rules:

–− ;
ComputationalSteps :
�INTIALIZATION OF PHEROMONES− − () ;

GB LIST− ← ∅ ;
t← 0;
WHILE t maximum IterationAndNot Stagnation DO<( )− −

IB LIST− ← ∅ ;

Fori toSize COLONY DO← ( )1

M size trainingSet← ( ) ;
i LIST− ← ∅ ;

�WHILE M Maximum uncovered DO>( )−

COMPUTATION OF HEURISTIC INFORMATION TrainingSet− − − ( ) ;
RULE CREATERULE TrainingSet← ( );
PRUNE RULE( );
TrainingSet TrainingSet Covered Rule TrainingSet← − ( ), ;

i LIST i LIST RULE− −← + ;
ENDWHILE

IF Predective Accuracy i LIST Predective Accuracy IB LIST− − − −( )( )> (( )( )THEN
IB LIST i LIST− −← ;
ENDIF
ENDFOR
Update Pheromones IB RULE− −( );
IF Predective Accuracy IB LIST Predective Accuracy GB LIS− − − −( )( )> TT THEN( )( )
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GB LIST IB LIST− −← ;
ENDIF
t t= +1;
ENDWHILE
RETURN GB LIST−( );

Algorithm3presentsthehigh-levelpseudocodeofthePittsburghstrategy.Thestrategyworks
asfollows.Anantinthecolony(correspondingtoaniterationoftheforloop)startswithanempty
listofrulesandaddsoneruleatatimetothatlistwhilethenumberofuncoveredtrainingexamples
isgreater thanauser-specifiedmaximumvalue.Aftera rule iscreatedandpruned, the training
examplescoveredbytheruleareremovedandtheruleisaddedtothecurrentlistofrules.Notethat
theheuristicinformationisrecalculatedateachiterationofthelistcreationprocessWHILEloopin
ordertoreflectthepotentialchangesinthepredictivepowerofthetermsduetotheremovaloftraining
examplescoveredbypreviousrules.Whenanantfinishesthelistcreationprocess,theiterationbest
listisupdatedifthequalityofthenewlycreatedlistisgreaterthanthequalityoftheiterationbest
list.Afterallantscreateacandidatelistofrules,pheromonevaluesareupdatedusingtheiteration
bestlistofrulesandtheglobal-bestlistofrulesisupdated,ifthequalityoftheiterationbestlistis
greaterthanthequalityoftheglobal-bestlist.

Inordertousepheromonetocreatemultiplerulescoveringdifferentsetoftrainingexamples,
thepheromonematrixisextendedtoincludeatouridentification,whichcorrespondstothenumber
oftherulebeingcreated(e.g.,1forthefirstrule,2forthesecondrule,andsoforth).Eachentryin
thepheromonematrixcorrespondingtoanedgeoftheconstructiongraphisrepresentednotjustby
apair(v v

i j
, )wherev

i
andv

j
correspondtotheverticesconnectedbye

ij
butratheritisrepresented

byatriplet(tour,v v
i j
, ).Thisway,anantwillusethepheromoneentriescorrespondingtothenumber

oftherule(tour)beingcreatedduringtheruleconstructionprocess.Theprobabilityofanantto
followtheedgeleadingtoavertex  v

j
whencreatingtheruletandlocatedatvertexv

i
isgivenby:

P
v

t v v V

k

F

t v v V

j

i j j

Vi

i k k

=
( )

= ( )∑
�

*

*

, ,

, ,

τ η

τ η
1

 (5)

where τ
t v vi j, ,( )  is theamountofpheromoneassociatedwiththeentry t v v

i j
, ,( )  inthepheromone

matrix, η
Vk

istheheuristicinformationassociatedwithvertex v
k

andF
Vi

isthesetofneighbour

verticesofvertexv
i
.

Thepheromoneupdatealsotakesintoaccountthetouridentificationandtheupdateprocedure
isaccomplishedintwosteps.Firstly,pheromoneevaporationissimulatedbydecreasingtheamount
ofpheromoneofeachentrybyauser-definedfactor.Secondly, theamountofpheromoneof the
entriesusedintheiterationbestlistofrulesisincreasedbasedonthequalityofthelistofrules,
whichcorrespondstoitspredictiveaccuracymeasuredonthetrainingset.Thepheromoneupdate
ruleisgivenby:

τ
ρ τ

ρ τt v v

t v v i j

t v v
i j

i j

i j

if t v v IB LIST

Q, ,

, ,

, ,

. , , ,

.( )
( ) −

( )
=

( ) ∉
+ IIB LIST if t v v IB LIST

i j− −( ) ( ) ∈








, , ,
 (6)
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where ρ istheevaporationfactor, τ
t v vi j, ,( ) istheamountofpheromoneassociatedwiththeentry

t v v
i j

, , ,( ) tisthetouridentification(i.e.,thenumberofrulewheretheedgebetweenverticesv
i
and

v
j
wasused),v

i
isthestartvertexoftheedgeandv

j
istheendvertexoftheedgeandQ IB LIST−( ) 

isthequalityoftheiteration-bestlistofrules,measuredasthepredictiveaccuracy(numberofcorrect
predictionsdividedbythetotalnumberofpredictions)inthetrainingset.ThevaluesgivenbyEquation
(6)arelimitedtotheintervalτ τ

MIN MAX
, ,followingthesameapproachastheMAX−MINAntSystem

(MMAS).MMASimposesexplicitlimitsτ
MIN

andτ
MAX

ontheminimumandmaximumpheromone
valuestoconstrainallpheromonevalues τ

t v vi j, ,( ) totherange τ τ τ
MIN t v v MAX

i j

≤ ≤( ), ,
.Theselimits

aredynamicallyupdatedeachtimeanewbestsolutionisfound.Additionally,the τ τ
MIN MAX

 and 
valuesarealsousedtodeterminethestagnationofthesearch.Whenalledgesfollowedbytheant
thatcreatedtheiterationbestlistofrulesareassociatedwith τ

MAX
andtheremainingedgesare

associatedwithτ
MIN

,thesearchhasbecomestagnantandthealgorithmstops.Theruleconstruction
process,pruningprocedure,andheuristicinformationofAntMiner-PBarebasedonAntMiner-MC.
AntMiner-PBalgorithmslikeAntMiner-MCalgorithmcancopewithbothnominalandcontinuous
attributes,unliketheoriginalAnt-Mineralgorithm,whichcancopewithnominalattributesonly.

Animportantcharacteristicofthesequentialcoveringstrategyisthatthereisnopre-defined
numberofrulesrequiredtocreateacandidatelistofrulesandantshavetheflexibilityofcreating
listsofdifferentlengths.Thenumberofrulesthatanantcreatesdependsontheavailabletraining
examplesateachiterationofthelistcreationprocess(innerWHILEloopinAlgorithm3),whichvaries
accordingtoexamplescoveredbythepreviousrulescreatedbytheant.Theuseofadifferentsetof
pheromonevaluesforeachruletheyarecreatingindirectlyencodestheorder(sequence)thatants
createtherules,whichrepresentstheinteractionbetweenthem.Thishighlightsthemaindifference
fromalgorithmbasedonMichiganapproach.Theaimofthealgorithmistoconvergetothebestlist
ofrules,insteadofconvergingtothelistofbestrules.

7. oUR PRoPoSed woRK BASed oN PITTSBURGH APPRoACH

Thisworkovercomestheproblemofruleinteraction(i.e.,theoutcomeofaruleaffectstherulesthat
canbediscoveredsubsequentlysincethesearchspaceismodifiedduetotheremovalofinstances
covered by previous rules) and reduces the local optimality by hybridizing ant miner based on
Pittsburghstyleapproach(AntMiner-HPB)andsimulatedannealing.Apictorialrepresentationin
abroaderaspectofourapproachisgiveninFigure1.Thehigh-leveldescriptionofthisapproachis
giveninAlgorithm4.

Algorithm4.HybridizedAntMinerbasedonPittsburghapproach(AntMiner-HPB)

Procedure AntMiner Pittsburgh SAStyle HPB− − − −. . ()
Input TrainingSet: ;
Output ListofRules: ;
ComputationalSteps :
INTIALIZATION OF PHEROMONES− − () ;

COMPUTATION OF HEURISTIC INFORMATION− − − () ;

K K LIST PRUNE CRETERULE TrainingSet= = ( )( )−1; ;

GB LIST K LIST− −← ;
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�T T
MAX

= ;

WHILE T T ANDNOTSTAGNATION DO
MIN

≥( )
IB LIST− ← ∅ ;

FORi toSize COLONY DO← ( )1

M Size TrainingSet← ( );
i LIST− ← ∅;

WHILE M Maximum Uncovered DO>( )−

COMPUTATION OF HEURISTIC INFORMATION TrainingSet− − − ( ) ;
RULE PRUNE CRETERULE TrainingSet← ( )( );
TrainingSet TrainingSet Covered RULE TrainingSet← − ( ), ;

i LIST i LIST RULE− −← +
ENDWHILE

Figure 1. Flow diagram of Ant-Miner-HPB
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IF Predective Accuracy i LIST Predective Accuracy IB RULE− − − −( )( )> (( )( )
IB LIST i LIST− −← ;
ENDIF
ENDFOR
Update Pheromones IB LIST− −( );
IF Predective Accuracy GB LIST Predective Accuracy IB LIS− − − −( )( )> TT( )( )
IF Predective Accuracy IB LIST Predective Accuracy K LIST− − − −( )( )> (( )( )
K LIST IB LIST+ ←− −1
ELSE
GenerateaRandomUniformnumberU

K
;

IFU
Predective Accuracy IB LIST Predective Accurac

K
< −

( )( )−− − −
exp

yy K LIST

T
−( )( )











K LIST IB LIST+ ←− −1  ;
ELSE
K LIST K LIST+ ←− −1  ;
ENDIF
ENDIF
ELSE
GB LIST IB LIST− −← ;
ENDIF
T T= α * ;
K K← +1;
ENDWHILE
RETURN GB LIST−( );

Thesub-routineofPRUNE() andCREATERULE TrainingSet( ) aredescribedasfollows:

PRUNE LIST( )
LIST CREATERULE TrainingSet← ( ) ;
PRUNE LIST( ) ;
RETURN 

CREATERULE TrainingSet( )
list←∅ ;
WHILE M Maximum Uncovered DO>( )−

�����RULE PRUNE CREATERULE TrainingSet← ( )( );
�����TrainingSet TrainingSet Covered RULE �TrainingSet← − ( ), ;

������LIST LIST RULE= + ;
ENDWHILE
RETURNLIST ;
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8. eXPeRIMeNTAL woRK

InthisSection,weprovidethedescriptionofthedatasets,environment,parametersetup,andfinally
presentstheresultsobtainedfromourproposedmethod.

9. dATASeT deSCRIPTIoN

Tovalidatetheproposedmethod,wehaveusedsixpublicdomaindatasetsretrievedfromtheUniversity
ofCaliforniaatIrvine(UCI)machinelearningrepository.Thedatasetsinvolvebinary(twoclass
values)andmulticlass(morethantwoclassvalues)classificationproblems,withbothnominaland
continuouspredictorattributes.Table1presentsasummaryofthedatasetsusedintheexperiment.The
firstcolumnofthistablegivesthenameofdatasets,whiletheothercolumnsindicate,respectively,
thenumberofcases,thenumberofcategoricalattributes,thenumberofcontinuousattributes,and
thenumberofclassesofthedataset.

Themotivationofconsideringtheaforesaiddatasetistocompareourproposedmethodwiththe
workspresentedin(Parpinelli,Lopes&Freitas,2002).

10. PeRFoRMANCe MeTRIC ANd PARAMeTeR SeT UP

Weusepredictiveaccuracyasamainperformancemetric.Itisdefinedasthepercentageoftesting
samples correctly classified by the classifier. This is a popular performance metric for general
comparisonbetweenclassificationalgorithmsandhasbeenusedinallantminerapproaches.The
experimentsareperformedusingastandard10foldcrossvalidationprocedure.Inthisprocedure,
thetestcasesaredividedinto10fold(i.e.,10equallysizedmutuallyexclusivesubsets).Eachofthe
subsetisusedoncefortestingwhiletheothernineareusedfortraining.Theresultsofthe10runs
arethenaveragedandthisaverageisreportedasthefinalresultalongwithstandarddeviation.The
parametersofourapproachAntMiner-HPBlikeAntMiner-PBaredistinctlysettingupasfollows.

11. PARAMeTeRS oF ANT MINeR-HPB

ThefollowingfixedparametervalueswereusedforallexperimentalrunsinthePittsburghapproach:

Max iteration− ←� MaximumTemperature T
max

=1500

Table 1. Description of datasets

Dataset #Cases #Categorical 
Attribute

#Continuous 
Attribute Classes

Ljubljanabreast
cancer 286 9 - 2

Wisconsinbreast
cancer 699 - 9 2

Tic-tac-toe 958 9 - 2

Dermatology 366 33 1 6

Hepatitis 155 13 6 2

Cleveandheart
disease 303 8 5 5
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Size Colony− ← Thetotalnumberofants=5

Evaporation factor
–

�←MaximumandMinimumpheromonevalue=90

Min cases per rule− − − ←Minimumnumberofcasesperrule=10

Max uncovered cases− − ←Maximumnumberofuncoveredcasesinthetrainingset=10

Sincethevaluesofminimumnumberofcasesandmaximumuncoveredparametersarerelated,
i.e.,themaximumuncoveredshouldbeatleastthesameastheminimumnumberofcases.Wehave
usedthesamevalueforboth,specifiedbytheminimumnumberofcasesparameter.Thevalueofα 
issetas0.998.

12. ReSULTS ANd ANALySIS

WehaveevaluatedtheperformanceofAntMiner-HPBandcompareitwithAntMiner-PB.Allthe
resultsofthecomparisonwereobtainedusinganIntelPCwith1GBofmainmemory.AntMiner-HPB
wasdevelopedinMATLAB6.5versionandittookaboutalittlemoreprocessingtimeascompared
toAntMiner-PB(ontheorderofsecondsforeachdataset)toobtaintheresults.

The comparison was carried out across two criteria, namely the predictive accuracy of the
discoveredrulelistsandtheirsimplicity.Predictiveaccuracywasmeasuredbyawell-known10-fold
cross-validationprocedure.Thepredictiveaccuracies(onthetestset)ofthe10runsarethenaveraged
andreportedasthepredictiveaccuracyofthediscoveredrulelist.

TheresultscomparingthepredictiveaccuracyofAntMiner-HPBandAntMiner-PBarereported
inTable2.Thenumbersrightafterthe“±”symbolisthestandarddeviationsofthecorresponding
predictiveaccuraciesrates.AsshowninthisTable2,AntMiner-HPBdiscoveredruleswithabetter
predictive accuracy than Ant Miner-PB in all data sets, Ant Miner-HPB was significantly more
accuratethantheAntMiner-PB,thatis,thecorrespondingpredictiveaccuracyintervals(takinginto
accountthestandarddeviations)donotoverlap.

Similarlyresultsconcerningthesimplicityofthediscoveredrulelist,measured,asusualinthe
literature,bythenumberofdiscoveredrulesandtheaveragenumberofterms(conditions)perrule.
TheresultscomparingthesimplicityoftherulelistsdiscoveredbyAntMiner-HPBandAntMiner-
PBarereportedinTable3.AnimportantobservationisthatforLjubljanabreastcancer,Wisconsin
breastcancerandHepatitisdatasets,therulelistdiscoveredbyAntMiner-PBwassimplerthenrule
listdiscoveredbyAntMiner-HPB.Inthetic-tac-toe,DermatologyandCleveandheartdiseasedata
set,AntMiner-HPBdiscoveredarulelistontheorderof2timeslesserthanAntMinerPB.

Table 2. Average predictive accuracy of Ant Miner-HPB in %, measured by 10-fold cross-validation

Data Set Ant Miner-PB Ant Miner-HPB

Ljubljanabreastcancer 72.32±0.31 78.16±0.87

Wisconsinbreastcancer 94.29±0.16 97.71±1.87

Tic-tac-toe 74.89±0.27 98.22±1.83

Dermatology 92.46±0.31 95.21±3.45

Hepatitis 66.72±0.40 95.78±5.26

Cleveandheartdisease 55.50±0.37 59.38±2.16
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Takingintoaccountboththepredictiveaccuracyandrulelistsimplicitycriteria,theresultsof
ourexperimentscanbesummarizedasfollows.Concerningclassificationaccuracy,AntMiner-HPB
obtainedresultsaresignificantlybetterthanAntMiner-PBinallofthesixdatasets.Concerning
thesimplicityofdiscoveredrules,overallAntMiner-HPBdiscoveredrulelistsrelativelysimpler
(smaller)thantherulelistsdiscoveredbyAntMiner-PB.Thisseemsagoodtrade-off,sinceinmany
dataminingapplicationsthesimplicityofarulelist/settendstobeevenmoreimportantthanits
predictiveaccuracy.

13. CoNCLUSIoN

Inthispaper,wepresentanovelvariantofACObasedclassificationalgorithm,whichisbasedon
Pittsburghapproach.Thenovelalgorithmisinspiredandconceivedbyconsideringthebestattributes
ofACObasedclassificationruleminingandsimulatedannealing(SA).IncorporatingSAinACO
basedclassificationisstraightforward.Fouringredientsareneeded:i)aconcisedescriptionofa
configurationofthesystem;ii)arandomgeneratorofmovesonrearrangementsoftheelementsin
aconfiguration;iii)aquantitativeobjectivefunctioncontainingthetrade-offsthathavetobemade;
andiv)anannealingscheduleofthetemperature.Theannealingschedulemaybedevelopedbytrial
anderrorforagivenproblem,ormayconsistofjustwarmingthesystemuntilitisobviouslymelted,
thencoolinginslowstagesuntildiffusionofthecomponentsceases.Inventingthemosteffectivesets
ofmovesanddecidingwhichfactorstoincorporateintotheobjectivefunctionrequireinsightinto
problembeingsolvedandmaynotbeobvious.However,existingmethodsofiterativeimprovement
canprovidenaturalelementsinwhichtobaseasimulatedannealingalgorithm.Theexperimental
resultsindicatedthatouralgorithmshavepotentialtocompetewithotherstate-of-artcontemporary
classificationalgorithms.Themainadvantageofourapproachwashighaccuracycombinedwith
comprehensibilityofthediscoveredrulesets.

Table 3. Average number of terms (simplicity) in the discovered list of Ant Miner-HPB measured by 10-fold cross-validation

Data Set Ant Miner-PB Ant Miner-HPB

Ljubljanabreastcancer 19.15±0.40 21.28±0.38

Wisconsinbreastcancer 8.55±0.12 11.38±0.68

Tic-tac-toe 17.23±0.08 7.68±0.79

Dermatology 44.47±0.63 21.27±0.03

Hepatitis 11.78±0.08 11.88±0.08

Cleveandheartdisease 27.65±0.58 14.37±0.01
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