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Abstract 
 

Althoughartificialneuralnetworkscan 
representavarietyofcomplexsystemswithahigh 
degreeofaccuracy,theseconnectionistmodelsare 
difficulttointerpret.Thissignif- icantlylimitsthe 
applicabilityofneuralnetworksinpractice, especially 
whereapremiumisplacedonthecomprehensibility or 
reliabilityofsystems.Anovelartificialneural-network de-cision tree 
algorithm(ANN-DT)is therefore proposed, which extracts 
binarydecisiontreesfroma trainedneuralnetwork.The ANN-
DTalgorithmusesthe neural networkto generate outputsforsamples 
interpolatedfromthetrainingdataset.In contrastto existing 
techniques,ANN-DT canextractrulesfrom feedforwardneuralnetworks 
withcontinuous outputs. These rules are extractedfrom the neural 
network 
withoutmakingassumptionsabouttheinternalstructureoftheneuralnetwor
korthefeaturesofthedata.Anovelattributeselectioncriterionbasedonasigni
ficanceanalysisofthevariablesontheneural-networkoutput isexamined. It 
is shown to have significant benefits in 
certaincaseswhencomparedwiththestandardcriteria ofminimum 
weightedvarianceoverthebranches. In threecase studiesth eANN-DT 
algorithmcomparedfavorably with CART, 
astandarddecisiontreealgorithm. 
 
Index Terms: Decision trees, hybridsystems, induction, 
neuralnetworks, ruleextraction, sensitivity analysis. 
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1. Introduction 
Duringthelastdecadeinterestinartificialneuralnet- workshasgrownsignificantly, 
owingtotheirabilityto represent nonlinearrelationshipsthataredifficulttomodel bymeanso 
fothercomputationalmethods. Moreover,neural networksare easytoimplement,are 
robustunder the influence ofnoise,donotrequireaprioriknowledgewithregardto 
thedistributionsofdata, andcanbeparallelizedwhererapid 

computationiscritical. However, butforthesimpleststructures, neural-network 
models are notoriously difficultto interpret. For example, 
thefactthatneuralnetworkshavelargedegreesoffreedom 
intheassignmentofweights,canleadtoasituationwhere twocompletely 
differentsetsofweightscanyieldnearly identical outputs. This drastically complicates 
the analysis andcomparison ofsimilarprocessesthataremodeledor 
controlledbydifferentneuralnetworks. Theopacityofneural 
networkscanbeseenasamajorbarriertotheirimplementation in a number of fields, such 
as medicine and engineering wheremissioncriticalapplications demandahighdegreeof 
confidenceinthebehaviorofrelevantmodels. 

 
 

2. Extraction of rules Fromneural Networks 
Themethods thatareusedtoextractrulesfromneural 
networkscanbecategorizedasdecompositional,pedagogical, 
andeclectic[5],[6],basedontheapproach usedtocharac- 
terizetheinternalmodelofthenetwork. Withpedagogical 
techniquestheneuralnetworkistreatedasa“blackbox,” 
i.e.,rulesthatmapinputstooutputsareextracteddirectly, evenformultilayered 
neuralnetworks.Forexample,Thrun’s method [11], [12] of validity-interval analysis 
(VIA) uses linearprogramming todetermineifasetofconstraintsplaced 
onanetwork’sactivationvaluesisconsistent. Insteadof approximatingtheactivation 
levelsofthehiddenunitsas thresholdfunctions, thelevelsareassumedtobeindependent 
ofoneanother.Sincethisassumption isnotalwaysappro- 
priate,thealgorithmdoesnotalwaysfind maximallygeneral rules. Other methods such as 
those developed by Craven andShavlik[6]andPopet al.[13]arecurrentlylimitedto 
discreteoutputs.Furthermore,CravenandShavlik’stechnique isimplemented 
usingeithertheVIanalysis[12]ortheKT methoddescribed byFu[8],wherebyitisimplicitly 
assumed thattheactivationsofthehiddenlayersareindependent,or 
thattheycanbetreatedasthresholdfunctions. 
 
 
3. ANN-DTALGORITHM 
ANN-DT(artificialneural-networkdecisiontree)algo- 
rithmdescribedinthispapercanbeseenaspedagogical, al- 
thoughitisnotboundbythelimitationsoftheabovestrategies. 
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