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Abstract

We presentIREP++, a rule learning algorithm similar to
RIPPER and IREP. Like theseother algorithms IREP++
producesaccurate,humanreadablerules from noisy data
sets. However IREP++ is able to producesuch rule sets
morequickly andcanoften expressthe targetconceptwith
fewer rulesandfewer literalsper rule resultingin a concept
descriptionthatis easierfor humansto understand.Thenew
algorithm is fast enoughfor interactive training with very
largedatasets.

1 Intr oduction

Classi�ers that produceif-then rules have becomepopular
asthey producehumanreadablerule setsandoften have a
high classi�cation accuracy [11]. The mostcommonways
to producesuch rule sets from data are to �rst learn a
decisiontree and then extract the rules from the tree [13]
or to learntherulesdirectly from thedata[5, 7, 4]. RIPPER
is an algorithmbelongingto the latter classthathasproved
effectiveandfastevenwith large,noisydatasets[5, 6].

While RIPPERis averyfastalgorithm,thetrainingtime
wastoo long for aninformationassuranceapplicationof in-
terestto theauthors.Our applicationrequiredan algorithm
thatcouldbetrainedondatasetswith overonemillion train-
ing patternsandmorethanthirty featuresfastenoughto be
usedin an interactive environmentwheretraining timesof
morethana few minuteswould beunacceptable.We there-
fore usedRIPPERasa startingpoint andattemptedto de-
velop an algorithmthat achieved comparableaccuracy but
ran faster. The result of theseefforts is IREP++. The al-
gorithmhasprovento have equivalentaccuracy while being
signi�cantly fasterat developingnew rule sets. The speed
improvementswereachievedby makingseveralchangesto
the RIPPERalgorithm including a better pruning metric,
somenoveldatastructures,andamoreef�cient stoppingcri-
teria.

IREP++ handlesdata with categorical featuresmore
ef�ciently thanearliersystems[7, 5] andis thusoften able
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to producefewer ruleswhile achieving similar accuracy on
suchdatasets. We show that the FOIL gain metric [12]
usedfor growing rules hasa propertywe call “sortable”.
Exploitingthispropertyallowsusto produceindividualrules
that cover moredatathancomparableRIPPERruleswhile
requiringlittle moreexecutiontime perlearnedrule.

2 Algorithm Overview

IREP++ is basedon RIPPER[5] which in turn is based
on Fürnkranzand Widmer's IREP algorithm [7]. These
algorithmsall sharethe commonstructuredescribedhere.
It shouldbe notedthat RIPPERis able to handledatasets
with targetsthattakeonmorethantwo uniquevalues.While
this is certainly useful in a machinelearning algorithm,
IREP++andIREP aredesignedfor booleanvaluedtargets
only andthis applicationshallbethefocusof thefollowing
discussion.If desired,IREP++couldbesimilarly extended.

All threealgorithmsbegin with a default rule (target=
false)and,using a training dataset, attemptto learn rules
thatpredictexceptionsto thedefault. Eachrule learnedis a
conjunctionof literals. Eachliteral correspondsto a split of
thedatabasedonthevalueof asinglefeature.For numerical
features,eachliteral is of theform f i > c, or f i < c for some
featuref i andsomeconstantc. ForcategoricalfeaturesIREP
andRIPPERproduceliteralsof theform f i = c wherec is a
valuethatmaybeattainedby featuref i . RIPPERalsohasan
option thatallows it to produceliterals of the form f i 6= c.
IREP++producesliteralsof theform f i 2 f c1; c2; : : : ; cm g
whereeachci is a valuethatmaybe attainedby featuref i .
If all theliteralsaretruefor agivendatapoint, thenthatdata
point is said to be “covered” by the rule andwe predict a
target value of true for that pattern. If a datapoint is not
coveredby any of theruleswepredictits targetvalueis false
usingthedefault rule.

Thebasicalgorithmstructureisdepictedin Algorithm1.
Oneachiterationof themainloop (steps2 through9) anew
rule is learned.First the trainingdatais randomlysplit into
a grow setanda prunesetpreservingtheprior probabilities
of thetarget(2/3 of thedatain thegrow set,1/3 in theprune
set).Next, anew ruleis learnedusingthegrow set.Thisnew
ruleis immediatelyprunedusingtheprunesetto compensate
for over-�tting. It mustnow bedecidedif thenewly formed
rule is a goodrule thatshouldbeaddedto therulesetor if it



Algorithm 1: Algorithm Overview
Input: A trainingdataset
Output: A ruleset
LEARN(TrainingData)
(1) RuleSet NULL
(2) repeat
(3) (GrowSet,PruneSet)= SPLIT(TrainingData)
(4) NewRule GROWRULE(GrowSet)
(5) NewRule PRUNERULE(NewRule,PruneSet)
(6) if KEEP(NewRule)
(7) RuleSet RuleSet+ NewRule
(8) TrainingData NOTCOVERED(RuleSet,Train-

ingData)
(9) until stoppingcriteriais met
(10) return RuleSet

is a badrule that shouldbe discarded.All threealgorithms
make this determinationdifferently. Finally the grow set
andprunesetarecombinedandany patternscoveredby the
new rule areremovedfrom this combinedsetto form a new
trainingset.This new setis usedon thenext iterationof the
loop. At somepoint we muststop learningnew rulesand
return a �nal rule set. All threealgorithmshave different
stoppingcriteria. It shouldbenotedthatIREP++,in contrast
to RIPPER,doesnot removepatternsthatarecoveredby the
new rule in step8 unlessthe newly learnedrule is deemed
goodenoughto keep(the if statementin step6 evaluatesto
true). If therule is notworthkeepingthenwedonot remove
thepatternsit covers.Sincethenext iterationwill randomly
split the datainto a new grow andpruneset,which should
be different than the grow and prunesetsof the previous
iteration,we areunlikely to learnthe samebadrule on the
next iteration.

IREP, RIPPER,andIREP++alsosharethe samebasic
structurein theGrowRuleandPruneRuleprocedureswhich
we now address. The GrowRule algorithm is depictedin
Algorithm 2. On eachiteration of its main loop (steps2
through10) GrowRule addsanotherliteral to currentrule.

To constructthe new literal, GrowRule considerseach
featurein theGrowSetin turn andattemptsto �nd thebest
literal using that feature. For continuous-valued features
this involves sorting the data set using the featureunder
considerationandthenconsideringall possiblesplit points.
Eachsplit point correspondsto two possibleliterals: f i < c
and f i > c where c is a numbermid way betweenthe
valueson either side of the split point. The value of the
split is determinedusingQuinlan's informationgaincriteria
from his FOIL algorithm[12]. FOIL gain is an information
theoreticcriteriaandcanbewritten

(2.1) p
�
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Algorithm 2: GrowRuleOverview
Input: A grow dataset
Output: A rule
GROWRULE(GrowSet)
(1) NewRule NULL
(2) repeat
(3) GlobalBestSplit NULL
(4) foreachfeaturein GrowSet
(5) NewSplit  FINDSPLIT(feature,GrowSet)
(6) if NewSplit is betterthanGlobalBestSplit
(7) GlobalBestSplit NewSplit
(8) NewRule NewRule+ GlobalBestSplit
(9) GrowSet NOTCOVERED(NewRule,GrowSet)
(10) until noerrorson GrowSet
(11) return NewRule

If R is the original rule and R0 is the rule after adding
our candidateliteral, then p (n) is the numberof positive
(negative)patternscoveredby R0, andp0 (n0) is thenumber
of positive (negative) patternscovered by R. IREP and
RIPPERhandlecategorical featuresby having eachcall to
FindSplitreturnaliteral of theform f i = cwherec is avalue
attainedby thefeaturef i . As with numericalfeatures,literal
quality is assessedusingtheFOIL gainmetric.A discussion
of theway categorical featuresarehandledby IREP++can
befoundin Section3.2.

Thesplit having thehighestFOIL gainmetriconall the
featuresis retainedand the correspondingliteral is added
to the rule. All patternsin the GrowSet coveredby this
new literal areremovedand,aslong astherearestill some
negative patternsremaining in the GrowSet, we go back
throughtheloopandaddanotherliteral. Theloopterminates
whenthenew rule makesno errorson theGrowSet.At this
point therulehasover-�t thedataandmustbepruned.

Pruninginvolvesremoving literalsfrom thenew ruleun-
til performanceon thePruneSetdecreases.Themetricused
to assessperformanceis differentin all threealgorithmsasis
thesequenceof literalsconsideredfor removal. Thefollow-
ing sectionswill exploresuchdifferencesin thealgorithms.

3 Differ encesBetweenIREP++ and RIPPER

RIPPERwasdesignedto improvetheaccuracy of IREP. Co-
hendemonstratedthat RIPPERis signi�cantly more accu-
ratethanIREP, but at the costof beingslightly slower [5].
Ourgoalwasto preservetheaccuracy of RIPPERwhile im-
proving on its speed.As a result this discussionwill focus
primarily onRIPPER.

3.1 Handling of Numerical Features Finding the best
split on a numerical feature requiresus to sort the data
set on that featureand then searchfor the split point that
maximizesthe FOIL gain. Each passthrough the main
loop of GrowRule requiresus to accessthe sortedvalues



of eachfeature. RIPPERsimply re-sortsthe dataon each
pass.Usingdatastructuressimilarto thoseusedby theSLIQ
system[10] we have beenableto keepthefeaturevaluesin
sortedordersosortingis only necessaryonthe�rst iteration.

When the GrowSet is formed,a separate“featurema-
trix”, is usedto storeeachfeature.The �rst columnof this
matrix storesthe valuesof the featurein sortedorder. The
secondcolumnstoresthenumberof therow in theGrowSet
from whichthevaluecame.Thuseachfeaturevalueis repre-
sentedby anorderedpair (vi ; r i ) wherevi is thei th valueof
thefeatureandr i is therow in theunsortedGrowSetwhere
this valueoccurred.Anotherarray, the“keeptable”, is used
to indicatewhich rows of theoriginal GrowSetarestill un-
coveredby thecurrentrule. Eachrow in thekeeptablecorre-
spondsto onerow in theinitial, unsortedGrowSet. Initially
eachrow of thekeeptableis setto true.Thesedatastructures
aredepictedin Figure1.
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Figure1: DataStructuresUsedby GrowRule

Oncewe have determinedthe bestsplit on all features
(step8 of Algorithm 2) we canusethis split to updatethe
keep table, setting to falseall rows of the keep table not
coveredby the new literal. This can be accomplishedby
iteratingthroughthefeaturematrix startingat thesplit point
for the featureusedin the split. The row indices in the
featurematrix indicatewhich rows of thekeeptableshould
be updated. The remainingfeaturematricescan then be
compressedsothey only containvalueswhoserows indices
aremarkedtruein thekeeptable.This canbeaccomplished
at a cost that is proportional to the number of patterns
remainingin theGrowSet.

Recall that �nding the bestsplit on a featurerequires
thatweknow thetargetvalueassociatedwith eachvalueof a
feature.As wehaveremovedthefeaturesfrom thedatasetto
reducethesortingtime we will needanotherway to access
this information. Our solution is to group all the positive
trainingpatternsat the top of the unsortedGrowSetandall
thenegative patternsat thebottom. We canthendetermine
the target valueby simply looking at the row index. If the
row index is lessthanthenumberof positive patternsin the

GrowSetthetargetvaluemustbepositive;otherwiseit must
benegative.

3.2 Handling of Categorical Features RIPPER and
IREP both handlecategorical featuresby forming literals
of the form f i = c for somecategorical featuref i and
somevaluec. We will refer to suchliterals as“single val-
uedsplits”. Given a categorical featurethat takeson many
uniquevalues(“levels”) it is likely that many valuesof the
featurepredicta positive target value. As RIPPERcannot
learnrulesof the form f i 2 f c1; c2; : : : ; ck g (“set-valued
splits”) it must learn a separaterule for eachvalue of the
featurethat predictsa positive target value. This not only
requiresmore rules and hencemore processingtime, but
may also lead to lessaccuraterules. A literal of the form
f i = c will cover fewer datapatternsthan a literal of the
form f i 2 f c1; c2; : : : ; ck g . Thus,oncetheuncoveredpat-
ternshave beenremoved, subsequentsplits must be made
with lessevidenceandhencewill tendto be lessaccurate.
Larger rule setsalso take more time to evaluatewhen we
wish to classifynew datapatterns. RIPPERhasan option
to learnnegationsfor categorical features.With this option
enabledRIPPERis ableto learnliteralsof the form f i 6= c
or f i = c. This increasestheexpressive power of RIPPER
andhelpsmitigatesomeof theproblemsmentionedabove.

Thereare, however, potentialproblemswith allowing
set-valuedsplits. It is known thatmixing categoricalfeatures
whichattainmany uniquevaluesandcontinuousvaluedfea-
turespresentsa problemwheninformationtheoreticmetrics
areusedasthesplittingcriteria[11, pg. 73-75].Theproblem
arisesbecausea featurewhichattainsmany uniquevaluesis
capableof splitting the training datainto many small sub-
sets.If we canpick any subsetof valuesasa split therewill
be so many possiblesubsetsthat we will tend to get some
high valuedsplits by chance. Hencetherewill a bias for
splitson thesecategorical featuresover splitson potentially
morepredictive continuousfeatures.Our experimentsindi-
catethat this potentialdrawbackis no larger thantheaccu-
racy drawbackmentionedfor singlevaluedsplits. Sincethe
two approachesproduceruleswith similar accuracy but the
setvaluedfeaturesproducesmallerrule setswe have opted
to usesetvaluedfeatures.

If we are to useset valuedsplits we must �nd a way
to determinethe optimal subsetof values to use for the
split in a computationallyrealisticmanner. Calculatingthe
FOIL gainof every possiblesubsetwould requiretime that
is exponentialin thenumberof levels. This is not necessary
becauseFOIL gain is “sortable”. Speci�cally, supposewe
have a featuref which canattaink possiblevalues. Each
valueof the feature,vj , 0 � j � k haspj positive andn j

negative trainingpatternsassociatedwith it. If we orderthe
levels suchthat p1

n 1
� p2

n 2
� : : : � pk

n k
then the subsetof

valuesthat maximizesthe FOIL gain will alwaysbe of the



form f v1; v2; : : : ; vl g for somel � k. Thus �nding the
optimal subsetrequirestime that is linear in the numberof
uniquevaluesattainedby thefeature.

A classof metricswasknown to have this property[3],
but FOIL gain is not a memberof that class1. As the Gini
metric is a memberof the class[3] we tried usingit asthe
metric in GrowRule. Gini assessesthe impurity of a setof
dataas

I (S) =
�

pS

pS + nS

� �
nS

pS + nS

�

where pS (nS ) is the numberof positive (negative) data
patternsin thesetS. In GrowRulea split dividesthe initial
dataset,S, into two new setsS1, andS2. If the weighted
Gini impurity of thesetwo setsis lessthantheimpurity of S
thenthe proposedsplit is a goodone. The split that causes
thegreatestreductionin Gini impurity is thebestsplit. Here
reductionin Gini impurity is calculatedas

� I = I (S) �
�

pS1 + nS1

pS + nS

�
I (S1) �

�
pS2 + nS2

pS + nS

�
I (S2) :

Thisgaveresultsthathadroughlythesameaccuracy asthose
producedwith FOIL gain,but it producedmany morerules.
This can be attributed to the fact that Gini hasno built in
bias for literals with large coveragewhile FOIL gain, with
its leadingfactorof p, does.SinceGini did not performthe
way we wantedwe beganto examineFOIL gain to seeif it
hadthe sameproperties.Monte Carlosimulationindicated
thatFOIL gainhasthedesiredproperty, but we wereunable
to prove it. We thereforeenlisted the help of Professor
MadhuSudanwho producedtheelegantproof that appears
in AppendixA.

3.3 Pruning Whenpruningruleswe mustmake two im-
portantchoices:which literals shouldbe consideredfor re-
moval, andwhat metric shouldbe usedto assessthe qual-
ity of a prunedrule. IREPiteratively considersthe �nal lit-
eral for removal (where�nal refersto the last literal added)
while RIPPERconsidersany �nal sequenceof literals. Af-
tersomeperformancecomparisonswedecidedonRIPPER's
approach.

In [7] theauthorsdescribetwo possiblepruningmetrics:

M 1(p; n; P; N ) =
p + (N � n)

P + N
(3.2)

M 2(p; n) =
p

p + n
(3.3)

where p (n) is the numberof positive (negative) patterns
covered by the prunedrule and P (N ) is the numberof

1The theorem in [3] applies to minimizing a function � i = pL � (pL ) +
(1 � pL ) � (1 � pL ) where pL is probability of being in one of the two
subsets and � (p) is a concave function of p. While FOIL gain is a concave
function of p, this parameter does not represent a probability nor are we
defining optimality as required by the theorem.

positive (negative) patternsin the entire prune set. They
note that metric M 1 performsbetterthanM 2 andCohen's
experimentscon�rm this [5]. However, Cohennotesthat
the metric M 1 cancauseconvergenceproblems[5]. In an
attemptto �nd a bettersolution,RIPPERadoptedthemetric

M 3(p; n) =
p � n
p + n

= 2
�

p
p + n

�
� 1

which is a linear functionof M 2 andsowill have thesame
effectonpruning.

To summarize,the metric M 3 is equivalent to M 2

which is known to be inferior to M 1. As M 1 suffers from
convergenceproblemstheauthorsinvestigatedotherpruning
metrics and settledon a version of FOIL gain. We use
the FOIL gain formula in Equation2.1 but herep0 (n0) is
the numberof positive (negative) patternsin the pruneset
coveredby theprunedruleandp (n) is thenumberof positive
(negative)patternscoveredby theoriginal,unprunedrule. If
the value of this metric is negative then addingthe literal
underconsiderationto theprunedruledoesnot produceany
informationgain on the prunesetand the literal shouldbe
removed. The sequenceof literals that producesthe lowest
(mostnegative)FOIL gainwith thefewestliteralsis the�nal
prunedrule.

The executiontime of PruneRulemay be reducedby
notingthatapatterncoveredby arulewill becoveredby any
prunedversionof thesamerule asremoving literalsalways
makestherule moregeneral.Thusa patterncoveredby the
currentrule will becoveredby therule producedin thenext
iterationof PruneRule.We thereforeonly considerpatterns
whichwerenotcoveredby theruleon thepreviousiteration.

3.4 Stopping Criteria Step 9 of Algorithm 1 refers to
a stopping criteria. In order to maximize the speedof
the rule learnerwe would like to stop learningas soonas
possible. However, there is a dangerthat we might stop
too soon. Thusthe stoppingcriteria is a trade-off between
computationalef�ciency andaccuracy. The original IREP
algorithmstopslearningthe�rst timearuleis learnedwhose
accuracy on the prune set is worse than that accuracy of
theemptyrule (the rule which alwayspredicts“f alse”). To
improve the accuracy of IREP, RIPPERuseda description
length principal as its stoppingcriteria. After eachrule is
learnedRIPPERcalculatesthedescriptionlengthof therule
set and the examplescovered. Learning terminateswhen
the descriptionlength becomessixty four bits longer than
the smallestdescriptionlength obtainedso far. It is then
necessaryto examineeachrule in turnanddeletethoserules
whichdecreasethedescriptionlength.

IREP++ usesa simpler approachthan RIPPERwhile
avoiding the early stoppingthat causedaccuracy problems
with IREP. If anewly learnedrulecoversmorenegativethan
positive training patternsthat rule is considereda badrule



andis immediatelyremoved from the rule set. In this case
the patternscoveredby the badrule arenot removed from
the dataset(e.g. step8 of Algorithm 1 is executedonly if
the new rule is not a bad rule). When � ve badrules have
beenlearnedin a row thealgorithmterminates.Thenumber
of bad rules to learn before terminating was determined
experimentally. Notethatwe avoid anin�nite loopsincethe
training datais randomlysplit beforeeachrule is learned.
Thuseventhoughwedon't removethetrainingdatacovered
by thenewly learnedrule,adifferentsplit of thedatais likely
to resultin adifferentrulebeinglearnedonthenext iteration
of the loop. Sincebadrulesareimmediatelyremovedfrom
therulesetwe don't needto considerwhich rulesto remove
aftercompletingthestepsof Algorithm 1 likeRIPPERdoes.

3.5 Optimization Loop To improve classi�cation accu-
racy RIPPERemploysanoptimizationloopaftercompleting
all thestepsof Algorithm 1. During theoptimizationphase
alternativesto eachrule arelearnedanda descriptionlength
metric is usedto chosewhich of the alternatives to keep.
The optimizationmay be repeatedany numberof times. If
k optimizationloops are employed the algorithm is called
RIPPERk. Experimentswith RIPPERindicate that while
the optimizationloop doesimprove performancesome,the
effect is not large(seeSection4.1). As theprimarygoalof
IREP++wasto developafasteralgorithm,wedidn't include
any optimizationloop.

4 Experimental Results

The accuracy andspeedof IREP++ wereassessedusinga
variety of realistic and syntheticdata sets. The realistic
datasetswere gatheredfrom the University of California,
Irvine'sdatarepository[2], thedatafrom TheThird Interna-
tionalKnowledgeDiscoveryandDataMining ToolsCompe-
tition [8], someof thedatadistributedwith theLNKnet data
mining package[9], the phonemedataset from the Esprit
ROARS project [1], and someinformation assurancedata
setsproducedby the authors. In someinstancesthe data
set did not initially representa two classproblem. Since
IREP++canonly work on datawith booleantargets,these
data setswere modi�ed to changethem into a two-class
problem. This was achieved by picking one value to rep-
resenta positive targetandallowing all othervaluesto rep-
resenta negative target. Datasetswererandomlysplit, pre-
servingtheprior probabilityof thetarget,into a trainsetand
atestsetwith two thirdsof thedatagoingto thetrainsetand
the remaininggoing to the testset. All error ratesreported
re�ect performanceon thetestdata.

Our speedassessmentsare basedon the above men-
tioneddatasetsandsomesyntheticdatasets.Thesynthetic
datasetswill bediscussedin Section4.2.

4.1 Accuracy We comparedIREP++ to RIPPER0and
RIPPER2(RIPPERwith no optimization loop and with 2
optimizationloops)on severalrealisticdatasets.Both RIP-
PER0andRIPPER2weretriedwith andwithoutthenegation
feature,which enablesit to learnliteralsof theform f i 6= c.
A summaryof theseresultsappearsin Table1. RIPPER2
doesonlymarginallybetterthanRIPPER0onthesedatasets.
Thewon-lost-tiedrecordof RIPPER2comparedto RIPPER0
is 10-6-3with only oneof thewinsbeingstatisticallysignif-
icant. Here,andin the following, statisticalsigni�cance is
calculatedusingthe methoddescribedin [11]. We assume
the differencebetweenthe error ratesof the two classi�ers
on the test dataset is approximatelynormally distributed.
If thedifferencebetweentheerror ratesis signi�cant at the
95%level we deemthedifferencesigni�cant.

Thewon-lost-tiedrecordof IREP++comparedto RIP-
PER2is 6-7-6 with two of thosewins andno lossesbeing
statisticallysigni�cant. Against RIPPER0,IREP++ hasa
10-6-3won-lost-tiedrecordwith four statisticallysigni�cant
wins andonesigni�cant loss. The negationoption doesn't
affect the resultsvery much. ComparingIREP++ to RIP-
PER0with negationchangesthewon-lost-tiedrecordto 11-
6-2 with threewins and two lossesstatisticallysigni�cant.
RIPPER2with negationhasthe samewon-lost-tiedrecord
asRIPPER2withoutnegation.Two of thewinsandoneloss
arestatisticallysigni�cant. Giventheseresultswe conclude
thatthereis verylittle differencein theaccuracy of RIPPER2
andIREP++while IREP++andRIPPER2arebothabit more
accuratethanRIPPER02. However, ourexperimentalresults
indicatethatIREP++is signi�cantly fasterthaneithervariant
of RIPPER.

4.2 Speed Severalfactorsaffect therunningtimeof these
algorithms.Thenumberof features,typeof features,number
of levels of categorical features,complexity of the target
concept,amountof noisepresentin thedata,andnumberof
trainingpatternsall affect thelearningtime required.Speed
assessmentsof thesealgorithmsrequireda combinationof
realistic and synthetic data. The data sets discussedin
Section4.1 were usedto assesstraining times on realistic
data.Two syntheticdatasetswereusedto measurehow well
the algorithmsscaleasdatasetsizesincrease.In all cases
executiontimewasdeterminedby runningthealgorithmson
aPentiumIII Linux machinewith 512MBof RAM andusing
the Unix “time” commandto measurethe userandsystem
times.

The training times on the smallerdatasetsin Table 1
weresosmallasto beunmeasurablesincethetimecommand
hasa resolutionof only 0.01 seconds.We thereforeonly

2We are performing nineteen statistical significance tests here and so
would expect roughly one Type I Error at the 95% significance level. Thus
the fact that IREP++ has two statistically significant wins when compared
to RIPPER2 should not be given too much weight.



Data Set
Credit* 551 139 15 9 26 26 18 22 25
Defcon_categorical 751,076 250,360 17 10 22 9 16 7 21
Defcon_intrusion 751,075 250,361 33 0 9 9 7 7 11
Hypothyroid* 2,529 634 25 18 9 9 8 8 8
Ionosphere* 280 71 34 0 4 4 5 5 8

395,216 98,805 41 7 44 50 37 46 55
Kr-vs-kp* 2,555 640 36 36 6 8 7 7 6

16,998 3,002 16 0 6 6 9 9 18
Monks-1* 432 124 6 6 32 32 0 0 0
Monks-2* 432 169 6 6 64 64 64 64 53
Monks-3* 432 122 6 6 6 6 6 6 6
Mushroom* 6,498 1,626 22 22 0 0 0 0 0

1,194 300 5 1 8 8 6 6 6
4,322 1,082 5 0 200 200 170 170 134

Pima-diabetes* 614 154 8 0 38 38 39 39 48
Promoters* 84 22 57 57 10 7 7 7 2
Sonar* 165 43 60 0 10 10 12 12 8
Votes* 347 88 16 16 5 8 6 6 6
Wdbc* 454 115 30 0 8 8 5 5 0

Number of
Train Patterns

Number of
Test Patterns

Number of
Features

Categorical
Features

RIPPER0
Errors

RIPPER0
Negation

Errors
RIPPER2

Errors

RIPPER2
Negation

Errors
IREP++
Errors

KDD_cup†

Letter**

Pbvowel**
Phoneme‡

Table1: Performanceof IREP++,RIPPER0andRIPPER2onseveralrealisticdatasets.Thecolumns“RIPPER0Negation
Errors” and“RIPPER2NegationErrors” indicateaccuracy ratesfor RIPPERwith thenegationoptionenabled.Datasets
markedwith a * comefrom theUC Irvine Repository. y setscomefrom the1999KDD Cupcompetition,** setsarefrom
theLNKnet dataminingpackage,thezsetis from theROARSproject,andunmarkedsetswerecreatedby theauthors.

show the timing resultsfor data setscontainingover one
thousandtraining patterns. The resultsare summarizedin
Table 2. IREP++ is fasterthan RIPPER2in all casesand
fasterthanRIPPER0in all but two cases.Thetwo datasets
on which RIPPER0was fasterare small and total training
time for RIPPER0andIREP++waslessthanonesecondon
thesesets. However, on the larger datasetswheretraining
times were longer, IREP++ was always fasterthan either
variant of RIPPER.In someinstancesthis differencewas
quite dramatic. For example, on the KDD_cup data set
IREP++ trained in about 1 minute 30 seconds,RIPPER0
requiredabout8 minutes,andRIPPER2requiredovera half
an hour. Sincethe KDD_cup dataset is representative of
the datasetswe wish to work with interactively (in terms
of size and numberof features)the differencein training
timesrepresentsthedifferencebetweeninteractiveandbatch
processing.In almostall casesuseof RIPPER's negation
option decreasedthe requiredtraining time. In somecases
the differencewas dramaticwhile it others it madelittle
difference. For example, RIPPER2requiredless than 17
minutes to train on the Defcon_categorical data set with
negationandalmost27 minutesto train without it. On the
otherhand,theKDD_cupdatasetwhichalsocontainsmany
categorical featuresshowedvery little differencein training
times.Mushroom,which containsonly categoricalfeatures,
saw an increasein training timeswhenthe negationoption
wasemployed. This variancecanbetracedto thereduction
in rulescausedby thenegationoption.As indicatedin Table
3, RIPPER2with negationlearnedhalf asmany ruleson the
Defcon_categoricaldataasit did withoutnegationwhile the

reductionin learnedrules was less for the KDD_cup and
Mushroomsets.

To assesshow well thealgorithmsscalewe constructed
two synthetic data sets: one containing only categorical
featuresandonecontainingonly numericalfeatures.In both
casesdatawas generatedby �rst selectingrandomfeature
values. For the numericaldatasetall featuresvalueswere
�oating point valuesbetween0 and1. For the categorical
datasetall featurevalueswererandomlychosenfrom a set
of elevenpossiblevalues.A rule setof the form learnedby
RIPPERandIREP++wasthenusedto decideif thefeature
vectorshouldbegivenatrueor falsetarget.Noisewasadded
to thedatasetby changingthetargetvalueof �fteen percent
of thedatapatterns.All datasetscontainedtenfeatures.The
rulesfor generatingthecontinuousvalueddatawere

[1]<0.2 and [3]>0.8 and [7]<0.5;
[2]>0.7 and [3]<0.6 and [9]>0.25;

where[i ] > c indicatesthat featurei mustbe greaterthan
thevaluec. Eachsemi-colonterminatesequenceof literals
is a singlerule. If therandomlygenerateddatawascovered
by eitherrule it wasassigneda targetvalueof true. For the
categoricalfeaturestherulesetwas

[1] in {a} and [3] in {a, b, c,
d, e, f} and [7] in {g, h, i,
j, k, a};

[2] in {k, a, b, c, d, e, f} and
[3] in {g, h, i} and
[9] in {b, c, d, e, f};

Data sets of various sizes were generatedthis way and
RIPPER0andIREP++wererun on the resultingsets. The



Data Set
Defcon_intrusion 751,075 33 0% 08:41.48 10:15.15 10:14.23 37:25.40 36:52.08
Defcon_categorical 751,076 17 59% 02:25.59 06:30.09 04:43.36 26:57.50 16:47.74
KDD_cup 395,216 41 17% 01:31.19 08:26.94 07:54.23 33:18.69 30:39.23
Letter 16,998 16 0% 00:04.61 00:06.21 00:06.11 00:20.92 00:20.65
Phoneme 4,322 5 0% 00:01.72 00:01.35 00:01.32 00:04.83 00:04.82
Kr-vs-kp 2,555 36 100% 00:00.55 00:00.41 00:00.39 00:01.41 00:01.46
Mushroom 6,498 22 100% 00:00.35 00:00.57 00:00.68 00:01.54 00:01.59
Hypothyroid 2,529 25 72% 00:00.34 00:00.23 00:00.24 00:00.42 00:00.42
Pbvowel 1,194 5 20% 00:00.02 00:00.06 00:00.05 00:00.19 00:00.18

Training
Patterns

Number
Features

Percent
Catetgorical

IREP++
Time

RIPPER0 
Time

RIPPER0
Negation

Time
RIPPER2

Time

RIPPER2
Negation

Time

Table2: IREP++andRIPPERtrainingtimes. Thepercentcategoricalcolumnindicatesthefractionof featureswhich are
categorical.
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Figure2: Training timesof RIPPER0andIREP++on syntheticdatawith continuousfeatures(a) andcategorical features
(b). Theline titled “RIPPER0Negation” indicatestrainingtimesfor RIPPER0with thenegationoptionenabled.

resultsaresummarizedin Figures2aand2b. SinceRIPPER0
is always fasterthanRIPPER2we only presentthe results
of RIPPER0and IREP++ here. On the categorical data
resultsfor RIPPER0with andwithoutthenegationoptionare
presented.It is clearfrom these�gures that IREP++scales
moreef�ciently thanRIPPERandthat the negationoption
improvesthe training timesof RIPPER.Fromthe �gures it
appearsthatbothscalenearlylinearlywith IREP++having a
smallerslope.This is consistentwith theanalysisandresults
in [5].

4.3 Number of Rules Becauseof the differencesin how
RIPPERandIREP++handlecategorical featureswe expect
IREP++to be ableto expressthe sametarget conceptwith
fewer rules. Table3 shows the numberof ruleslearnedby
IREP++,RIPPER0,andRIPPER2onall of therealisticdata
setswhich containcategorical featuresexceptvotesandhy-
pothyroid. Thesetwo setswere omitted as votescontains
only threevaluesper categorical feature(yes, no, and un-
decided),andall thecategorical featuresin thehypothyroid

Data Set
Credit 15 9 4 3 10 10 4
Defcon_categorical 17 10 23 12 20 12 8
KDD_cup 41 7 31 28 24 22 23
Kr-vs-kp 36 36 17 18 15 14 10
Monks-1 6 6 5 5 2 2 4
Monks-2 6 6 0 0 0 0 2
Monks-3 6 6 5 3 5 3 2
Mushroom 22 22 8 6 8 7 4
Pbvowel 5 1 6 6 2 2 5
Promoters 57 57 4 3 4 3 2

Number of 
Features

Number 
Categorical

RIPPER2
Rule Count

RIPPER2
Negation

Rule Count
RIPPER0

Rule Count

RIPPER0
Negation

Rule Count
IREP++

Rule Count

Table3: Numberof ruleslearnedby IREP++,RIPPER0,and
RIPPER2onvariousdatasets.

datasetareboolean. We would not expectseethe effects
discussedin Section3.2onsuchdatasets.

No variantof RIPPERlearnedanyrulesontheMonks-2
dataset. If we excludethis datasetfrom our analysis,then
IREP++learnedanaverageof 4.56fewer rulesperproblem
than RIPPER2without negation, and an averageof 3.11
fewer rules per problem than RIPPER0without negation.
When negation is enabledRIPPERgenerallylearnsfewer
rules.Thisis expectedasthenegationoptionallowsagreater



expressive rangefor RIPPERrulesandmay thusallow the
target conceptto be expressedmore ef�ciently . However,
set-valuedsplits are more expressive than negatedsingle-
valued splits and so we would expect IREP++ to require
fewer rulesthanRIPPER.The datacon�rms this: IREP++
requiresan averageof 2.44 fewer rulesthanRIPPER2and
anaverageof 1.44fewer rulesthanRIPPER0whennegated
single-valuedpredicatesarepermitted.

5 Summary

IREP++is anew learningalgorithmthatbuildsonIREPand
RIPPER.IREP++containsseveral improvementsthatmake
it fasterwithout sacri�cing accuracy. Theseimprovements
includea new pruningmetric, a simplerstoppingcriterion,
andnovel datastructuresthatreducethenumberof required
sorts. We have also demonstrateda more ef�cient way to
handlecategoricalfeaturesthatallowsfor morecompactrule
setsandshortertraining times. The resultingalgorithm is
as accurateas RIPPER2,but faster than RIPPER0. The
speedimprovementsmake it possibleto usethe algorithm
on very large datasetsin an interactive environmentwhere
fastresultsarerequired.

A Proof that FOIL Gain is Sortable

Given a categorical feature,f , having m levels, we denote
the levelsof the featureasvi . The vi areorderedsuchthat
that p1=n1 � p2=n2 � : : : � pm =nm where pi is the
numberof training patternswith valuevi wherethe target
valueis true,andn i is thenumberof trainingpatternswith
valuevi wherethetargetvalueis false.Wewishto show that
the subsetof valuesthat maximizesthe FOIL gain metric
alwayshastheform S� = f v1; v2; : : : ; vk g wherek � m.

Eachsubsetof levels,S; mayberepresentedasavector
xS whosei th coordinateis 1 if vi 2 S and0 otherwise.To
prove the conjecturewe temporarilyrevert to a continuous
settingin which the valuesof xS may insteadtake on any
valuein the interval [0; 1]. Let p(x) =

P m
i =1 pi x i andlet

q(x) =
P m

i =1 qi x i whereqi = pi + n i : Thenwecanwrite the
FOIL gain as f (x) = p(x) (log2 (p(x)=q(x)) � C) where
C = log2 (

P m
i =0 pi =

P m
i =0 qi ).

DEFINITION A.1. An m dimensionalvectorx is said to be
left shiftedif its �r st j coordinatesare 1, its last m � j � 1
coordinatesare 0 and its (j + 1)st coordinateis between0
and1.

THEOREM A.1. For everynon-negativereal numberp, the
functionf (x), subjectto the conditionp(x) = p, is maxi-
mizedwhenthevectorx is left shifted.

Proof. Since p(x) = p, f (x) = p(log2 (p=q(x) + C)).
Thusf (x) is maximizedby minimizing q(x). Assumex is
not left shifted.Thenthereexistsi < j suchthatx i < 1 and
x j > 0. We canthenform x0 by subtractingasmallamount,

� , from x j andadding pj

pi
� to x i . x0 maintainsthecondition

p(x) = p. Furthermore,we know that

q(x0) � q(x)
pj

=
ni

pi
� �

nj

pj
� � 0

sincepj =nj � pi =ni . Thuswe canbeassuredthatq(x0) �
q(x). Thus x0 hasFOIL gain greaterthan or equalto the
FOIL gain of x. If x0 is not left shiftedwe may repeatthe
proceduredescribedabove until we arrive at a left shifted
vector.

In orderto completetheproofof ourconjecturewemust
show thatall coordinatesof thevectorx thatmaximizesthe
FOIL gainmustbeeither0 or 1. TheoremA.1 shows thatx
mustbeleft shiftedthusweknow thatatmostonecoordinate
of x is not0 or 1. TheoremA.2 �nishes ourproof.

THEOREM A.2. For y 2 [0; 1], let xy =
h1; : : : ; 1; y; 0; : : : ; 0i , where the i th coordinate of xy

is y, andlet g(y) = f (xy ). Theng(y) � max f g(0); g(1)g.

Proof. We show thatthesecondderivativeof g with respect
to y is non-negative andthusg(y) hasno local maxima. It
followsthatg(0) or g(1) is amaximumfor y 2 [0; 1].

Let � =
� P i � 1

j =1 pj

�
=pi andlet � =

� P i � 1
j =1 qj

�
=qi .

Since p1=q1 � p2=q2 � : : : � pi =qi , it follows
that � � � . Now we may write g(y) = pi (� +
y) (log2 pi (� + y) � log2 qi (� + y) + C). Sincethe linear
term involving C hasno contribution to the secondderiva-
tive, andsincepositive constantmultipliers don't affect the
sign,weseethatthesecondderivativeof g hasthesamesign
as the secondderivative of h(y) = (� + y)(ln( � + y) �
ln( � + y)) . Differentiatingwe geth0(y) = ln( � + y) + 1 �
ln( � + y) � (� + y)=(� + y). Thenthesecondderivative is

h00(y) =
1

� + y
�

1
� + y

�
1

� + y
+

� + y
(� + y)2

=
1

(� + y)( � + y)2
�
(� + y)2 � 2(� + y)( � + y) + (� + y)2�

=
(� � � )2

(� + y)( � + y)2 � 0
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