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Abstract

We presentlREP++, a rule learning algorithm similar to

RIPPER and IREPR Like theseother algorithms IREP++
producesaccurate,humanreadablerules from noisy data
sets. However IREP++is able to producesuchrule sets
more quickly and canoften expressthe target conceptwith

fewer rulesandfewer literals per rule resultingin a concept
descriptiorthatis easieifor humango understandThenewn

algorithmis fast enoughfor interactie training with very
largedatasets.

1 Intr oduction

Classi ers that produceif-then rules have becomepopular
asthey producehumanreadablerule setsand often have a
high classi cationaccurag [11]. The mostcommonways
to producesuch rule setsfrom 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 classthat hasproved
effective andfastevenwith large,noisy datasets[5, 6].

While RIPPERIs averyfastalgorithm,thetrainingtime
wastoo long for aninformationassuranceapplicationof in-
terestto the authors.Our applicationrequiredan algorithm
thatcouldbetrainedon datasetswith overonemillion train-
ing patternsandmorethanthirty featuresfastenoughto be
usedin an interactve ervironmentwheretraining times of
morethana few minuteswould be unacceptableWe there-
fore usedRIPPERas a startingpoint and attemptedo de-
velop an algorithm that achiezed comparableaccurag but
ran faster The resultof theseefforts is IREP++. The al-
gorithmhasprovento have equivalentaccurag while being
signi cantly fasterat developingnew rule sets. The speed
improvementswvere achieved by making several changego
the RIPPER algorithm including a better pruning metric,
somenovel datastructuresanda moreef cient stoppingeri-
teria.

IREP++ handlesdata with cateyorical featuresmore
efciently thanearliersystemq?7, 5] andis thusoftenable
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to producefewer ruleswhile achieving similar accurag on
suchdatasets. We showv that the FOIL gain metric [12]
usedfor growing rules hasa property we call “sortable”.
Exploitingthispropertyallows usto producandividualrules
that cover more datathan comparableRIPPERrules while
requiringlittle moreexecutiontime perlearnedrule.

2 Algorithm Overview

IREP++ is basedon RIPPER[5] which in turn is based
on Furnkranzand Widmer's IREP algorithm [7]. These
algorithmsall sharethe commonstructuredescribedhere.
It shouldbe notedthat RIPPERIs ableto handledatasets
with targetsthattake on morethantwo uniquevalues.While
this is certainly useful in a machine learning algorithm,
IREP++and IREP are designedor booleanvaluedtargets
only andthis applicationshall be the focusof the following
discussionlf desired]REP++couldbesimilarly extended.

All threealgorithmsbegin with a default rule (target=
false)and, using a training dataset, attemptto learnrules
that predictexceptionsto the default. Eachrule learnedis a
conjunctionof literals. Eachliteral correspondso a split of
thedatabasednthevalueof asinglefeature.For numerical
featureseachliteral is of theformf; > c,orf; < cfor some
featuref; andsomeconstant. For cateyoricalfeaturedREP
andRIPPERproducediteralsof theform f; = cwherecis a
valuethatmaybeattainedby featuref ;. RIPPERalsohasan
optionthatallows it to produceliterals of theform f; 6 c.
IREP++producediteralsof theformf; 2 fc; ¢; :::; cmg
whereeachg; is a valuethatmay be attainedby featuref ;.
If all theliteralsaretruefor a givendatapoint, thenthatdata
point is saidto be “covered” by the rule andwe predicta
target value of true for that pattern. If a datapoint is not
coveredby ary of theruleswe predictits targetvalueis false
usingthedefaultrule.

Thebasicalgorithmstructurds depictedn Algorithm 1.
On eachiterationof themainloop (steps? through9) anew
rule is learned.First the training datais randomlysplit into
agrow setanda prunesetpreservinghe prior probabilities
of thetarget(2/3 of thedatain thegrow set,1/3in theprune
set).Next, anew ruleis learnedusingthegrow set. Thisnew
ruleisimmediatelyprunedusingtheprunesetto compensate
for over- tting. It mustnow be decidedf the newly formed
ruleis agoodrule thatshouldbeaddedo therule setor if it



Algorithm 1: Algorithm Overvien
Input: A trainingdataset

Output: A rule set
LEARN(TrainingData)

(1) RuleSet NULL

(2) repeat

3) (GrowSet,PruneSet¥ SpLIT(TrainingData)

(4) NewRule GRoOwWRULE(GrowSet)

(5) NewRule PRUNERULE(NewRule,PruneSet)

(6) if KEep(NewRule)

@) RuleSet RuleSet+ NewRule

(8) TrainingData NoTCovERED(RuleSet,Train-
ingData)

(9) until stoppingcriteriais met

(10) return RuleSet

is a badrule that shouldbe discarded.All threealgorithms
malke this determinationdifferently Finally the grow set
andprunesetarecombinedandary patternscoveredby the

new rule areremovedfrom this combinedsetto form a new

trainingset. This new setis usedon the next iterationof the

loop. At somepoint we muststop learningnew rulesand
returna nal rule set. All threealgorithmshave different
stoppingcriteria. It shouldbenotedthatIREP++,in contrast
to RIPPER doesnotremove patternghatarecoveredby the

new rule in step8 unlessthe newly learnedrule is deemed
goodenoughto keep(theif statemenin step6 evaluateso

true). If theruleis notworth keepingthenwe do notremove

the patternst covers. Sincethe next iterationwill randomly
split the datainto a new grow and pruneset, which should
be differentthan the grow and prune setsof the previous

iteration, we are unlikely to learnthe samebadrule on the

next iteration.

IRER RIPPER,andIREP++alsosharethe samebasic
structurein the GrowRule andPruneRuleproceduresvhich
we now address. The GrowRule algorithmis depictedin
Algorithm 2. On eachiteration of its main loop (steps2
through10) GrowRule addsanotherliteral to currentrule.

To constructthe new literal, GrowRule considerseach
featurein the GrowSetin turn andattemptsto nd the best
literal using that feature. For continuous-elued features
this involves sorting the data set using the feature under
consideratiorandthenconsideringall possiblesplit points.
Eachsplit point corresponds$o two possiblditerals: f; < ¢
andf; > c wherec is a numbermid way betweenthe
valueson either side of the split point. The value of the
split is determinedusingQuinlan'sinformationgain criteria
from his FOIL algorithm[12]. FOIL gainis aninformation
theoreticcriteriaandcanbewritten

Po
2
Po + No

p
(2.2) p |092p+—n log

Algorithm 2: GrowRule Overview
Input: A grow dataset
Output: A rule

GROWRULE(GrowSet)

(1) NewRule NULL

(2) repeat

) GlobalBestSplit NULL

(4) foreachfeaturein GrownSet

(5) NewSplit  FINDSPLIT(feature,GravSet)
(6) if NewSplitis betterthanGlobalBestSplit

(7 GlobalBestSplit NewSplit

(8) NewRule NewRule+ GlobalBestSplit
9) GrowvSet NoTCovERED(NewRule,GravSet)

(20) until noerrorson GrownSet
(11) return NewRule

If R is the original rule and R® is the rule after adding
our candidateliteral, thenp (n) is the numberof positive

(negative) patternscoveredby R® andpg (no) is thenumber
of positive (negative) patternscoveredby R. IREP and
RIPPERhandlecateyorical featuresby having eachcall to

FindSplitreturnaliteral of theformf; = cwherecisavalue
attainedby thefeaturef ;. As with numericalfeaturesliteral

quality is assessedsingthe FOIL gainmetric. A discussion
of the way catayorical featuresare handledby IREP++can
befoundin Section3.2.

The split having the highestFOIL gainmetricon all the
featuresis retainedand the correspondinditeral is added
to the rule. All patternsin the GrowSet covered by this
new literal areremoved and,aslong astherearestill some
negative patternsremainingin the GrowSet, we go back
throughtheloop andaddanothelliteral. Theloopterminates
whenthe new rule makesno errorson the GrowSet. At this
pointtherule hasover-t thedataandmustbe pruned.

Pruninginvolvesremaoving literalsfrom thenew rule un-
til performanceon the PruneSetlecreasesThe metricused
to assesperformancas differentin all threealgorithmsasis
thesequencef literals consideredor removal. The follow-
ing sectionswill exploresuchdifferencesn thealgorithms.

3 DifferencesBetweenlREP++ and RIPPER

RIPPERwasdesignedo improvetheaccuray of IREP. Co-
hendemonstratedhat RIPPERIs signi cantly more accu-
ratethanIREP, but at the costof beingslightly slower [5].

Our goalwasto preseretheaccurag of RIPPERwhile im-

proving on its speed.As a resultthis discussionwill focus
primarily on RIPPER.

3.1 Handling of Numerical Features Finding the best
split on a numerical feature requiresus to sort the data
seton 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.Usingdatastructuresimilarto thoseusedby the SLIQ
system[10] we have beenableto keepthe featurevaluesin
sortedordersosortingis only necessargnthe rst iteration.

Whenthe GrowSetis formed, a separateéfeature ma-
trix”, is usedto storeeachfeature. The rst columnof this
matrix storesthe valuesof the featurein sortedorder The
secondcolumnstoresthe numberof therow in the GrowSet
fromwhichthevaluecame.Thuseachfeaturevalueis repre-
sentedby anorderedpair (vi; r;) wherey; is thei" valueof
thefeatureandr; is therow in theunsortedGrowSetwhere
this valueoccurred.Anotherarray the “keeptable”, is used
to indicatewhich rows of the original GronSetarestill un-
coveredby thecurrentrule. Eachrow in thekeeptablecorre-
spondgto onerow in theinitial, unsortedGrowSet. Initially
eachrow of thekeeptableis setto true. Thesedatastructures
aredepictedn Figurel.
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Figurel: DataStructuredJsedby GrowRule

Oncewe have determinedhe bestsplit on all features
(step8 of Algorithm 2) we canusethis split to updatethe
keeptable, settingto falseall rows of the keeptable not
coveredby the new literal. This can be accomplishedby
iteratingthroughthe featurematrix startingat the split point
for the featureusedin the split. The row indicesin the
featurematrix indicatewhich rows of the keeptable should
be updated. The remainingfeature matricescan then be
compressedothey only containvalueswhoserows indices
aremarkedtruein the keeptable. This canbeaccomplished
at a cost that is proportionalto the number of patterns
remainingin the GrowSet.

Recallthat nding the bestsplit on a featurerequires
thatwe know thetargetvalueassociateavith eachvalueof a
feature.As we haveremovedthefeaturedrom thedatasetto
reducethe sortingtime we will needanotherway to access
this information. Our solutionis to group all the positive
training patternsat the top of the unsortedGrowSetandall
the negative patternsat the bottom. We canthendetermine
the tamget value by simply looking at the row index. If the
row index is lessthanthe numberof positive patternsn the

GrowSetthe targetvaluemustbe positive; otherwiseit must
benegative.

3.2 Handling of Categorical Features RIPPER and
IREP both handle categorical featuresby forming literals
of the form f; = c for some cateyorical featuref; and
somevaluec. We will referto suchliterals as“single val-

uedsplits”. Given a cateyorical featurethattakeson mary

uniguevalues(“levels”) it is likely that mary valuesof the
featurepredicta positive target value. As RIPPERcannot

learnrulesof theform f; 2 fcy; ¢; :::; g (“set-valued
splits”) it mustlearn a separateule for eachvalue of the
featurethat predictsa positive target value. This not only

requiresmore rules and hencemore processingtime, but

may alsoleadto lessaccuraterules. A literal of the form

fi = c will cover fewer datapatternsthana literal of the
formf; 2 fcy; ¢; i::; &g . Thus,oncetheuncoveredpat-
ternshave beenremoved, subsequensgplits must be made
with lessevidenceand hencewill tendto be lessaccurate.
Larger rule setsalso take more time to evaluatewhenwe

wish to classify new datapatterns. RIPPERhasan option

to learnnegationsfor cateyorical features.With this option

enabledRIPPERIs ableto learnliterals of theformf; 6 ¢

orf;i = c. Thisincreaseshe expressie power of RIPPER
andhelpsmitigatesomeof the problemsmentionedabore.

Thereare, however, potential problemswith allowing
set-\aluedsplits. It is known thatmixing categoricalfeatures
which attainmary uniguevaluesandcontinuoussaluedfea-
turespresents problemwheninformationtheoreticmetrics
areusedasthesplittingcriteria[11, pg. 73-75]. Theproblem
ariseshecausa featurewhich attainsmary uniquevaluesis
capableof splitting the training datainto marny small sub-
sets.If we canpick arny subsebf valuesasa split therewill
be so mary possiblesubsetghat we will tendto get some
high valued splits by chance. Hencetherewill a bias for
splits on thesecateyorical featuresover splits on potentially
morepredictive continuoudfeatures.Our experimentsndi-
catethatthis potentialdrawvbackis no largerthanthe accu-
racy dravbackmentionedor singlevaluedsplits. Sincethe
two approacheproduceruleswith similar accurag but the
setvaluedfeaturesproducesmallerrule setswe have opted
to usesetvaluedfeatures.

If we areto usesetvaluedsplits we must nd a way
to determinethe optimal subsetof valuesto use for the
split in a computationallyrealisticmanner Calculatingthe
FOIL gainof every possiblesubsetwould requiretime that
is exponentialin the numberof levels. Thisis not necessary
becausd-OIL gainis “sortable”. Speci cally, supposeve
have a featuref which canattaink possiblevalues. Each
valueof thefeature,v;, 0 j  k hasp; positive andn;
negative training patternsassociatedvith it. If we orderthe
levelssuchthat B~ B2z P thenthe subsetof

1

valuesthat maximizesthe FOIL gain will alwaysbe of the



form fvy; vo; :::; vig for somel k. Thus nding the
optimal subsetrequirestime thatis linear in the numberof
uniguevaluesattainedby thefeature.

A classof metricswasknown to have this property[3],
but FOIL gainis not a memberof thatclass. As the Gini
metricis a memberof the class[3] we tried usingit asthe
metricin GrowRule. Gini assessethe impurity of a setof
dataas

Ps Ns
ps + Nns ps + Ns
where ps (ns) is the numberof positive (negative) data
patternsn the setS. In GrowRule a split dividesthe initial
dataset, S, into two new setsS;, andS,. If the weighted
Gini impurity of thesetwo setsis lessthantheimpurity of S
thenthe proposedsplit is a goodone. The split thatcauses
thegreatesteductionin Gini impurity is the bestsplit. Here
reductionin Gini impurity is calculatedas

1(S) =

Ns, Ps, + Ns,
ps + Nng ps + Ngs

Thisgaveresultsthathadroughlythesameaccurag asthose
producedwith FOIL gain,but it producedmary morerules.
This can be attributed to the fact that Gini hasno built in
biasfor literals with large coveragewhile FOIL gain, with
its leadingfactorof p, does.SinceGini did not performthe
way we wantedwe beganto examineFOIL gainto seeif it
hadthe sameproperties.Monte Carlo simulationindicated
thatFOIL gainhasthedesiredproperty but we wereunable
to prove it. We thereforeenlistedthe help of Professor
Madhu Sudanwho producedthe elegantproof that appears
in AppendixA.

1=1(s) Putls

I (S1) I (S2):

3.3 Pruning Whenpruningruleswe mustmake two im-
portantchoices:which literals shouldbe consideredor re-
moval, and what metric shouldbe usedto assesshe qual-
ity of aprunedrule. IREP iteratively considerghe nal lit-
eralfor removal (where nal refersto the lastliteral added)
while RIPPERconsidersary nal sequencef literals. Af-
tersomeperformanceomparisonsve decidecdon RIPPERS
approach.

In [7] theauthorddescribéwo possiblepruningmetrics:

62 M@nen) = PO
(3.3) Mapin) = o

wherep (n) is the numberof positve (negative) patterns
covered by the prunedrule and P (N) is the numberof

TThetheoremin [3] appliesto minimizing afunction i = p_.  (pL)+
(I p.) (@ poL) wherepp is probability of being in one of the two
subsetsand  (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
defi ning optimality as required by the theorem.

positive (negative) patternsin the entire prune set. They
note that metric M ; performsbetterthan M, and Cohens
experimentscon rm this [5]. However, Cohennotesthat
the metric M; cancausecorvergenceproblems[5]. In an
attemptto nd abettersolution,RIPPERadoptedhe metric

p =
p+n

p
p+n

Ms(p; n) =

which is alinear functionof M, andsowill have the same
effecton pruning.

To summarize,the metric M3 is equialentto M,
which is known to be inferior to M ;. As M, suffersfrom
convergenceproblemgheauthorsanvestigateatherpruning
metrics and settledon a version of FOIL gain. We use
the FOIL gainformulain Equation2.1 but herepg (no) is
the numberof positive (negative) patternsin the pruneset
coveredby theprunedruleandp (n) is thenumberof positive
(negative) patternscoveredby theoriginal, unprunedule. If
the value of this metric is negative then addingthe literal
underconsiderationio the prunedrule doesnot produceary
information gain on the prunesetandthe literal shouldbe
removed. The sequencef literals that produceghe lowest
(mostnegative) FOIL gainwith thefewestliteralsis the nal
prunedrule.

The executiontime of PruneRulemay be reducedby
notingthatapatterncoveredby arulewill becoveredby ary
prunedversionof the samerule asremoving literals always
makesthe rule moregeneral. Thusa patterncoveredby the
currentrule will be coveredby therule producedn the next
iterationof PruneRule.We thereforeonly considerpatterns
whichwerenot coveredby therule onthepreviousiteration.

3.4 Stopping Criteria Step 9 of Algorithm 1 refersto
a stopping criteria. In order to maximize the speedof
the rule learnerwe would like to stop learningas soonas
possible. However, thereis a dangerthat we might stop
too soon. Thusthe stoppingcriteriais a trade-of between
computationakf ciency andaccurag. The original IREP
algorithmstopslearningthe rst timearuleis learnedvhose
accurag on the prune setis worse than that accurag of
the emptyrule (the rule which always predicts“false”). To
improve the accurag of IREP, RIPPERuseda description
length principal asits stoppingcriteria. After eachrule is
learnedRIPPERcalculateghe descriptionengthof therule
setand the examplescovered. Learningterminateswhen
the descriptionlength becomessixty four bits longer than
the smallestdescriptionlength obtainedso far. It is then
necessaryo examineeachrulein turnanddeletethoserules
which decreas¢hedescriptionength.

IREP++ usesa simpler approachthan RIPPERwhile
avoiding the early stoppingthat causedaccurag problems
with IRER If anewly learnedrule coversmorenegativethan
positive training patternsthat rule is considerecda badrule



andis immediatelyremoved from the rule set. In this case
the patternscoveredby the badrule are not removed from
the dataset(e.g. step8 of Algorithm 1 is executedonly if
the new rule is not a badrule). When ve badrules have
beenlearnedn arow thealgorithmterminatesThe number
of bad rules to learn before terminatingwas determined
experimentally Notethatwe avoid anin nite loop sincethe
training datais randomly split beforeeachrule is learned.
Thuseventhoughwe don't removethetrainingdatacovered
by thenewly learnedrule,adifferentsplit of thedatais likely
to resultin adifferentrule beinglearnedonthenext iteration
of theloop. Sincebadrulesareimmediatelyremovedfrom
therule setwe don't needto considemwhich rulesto remove
aftercompletingthe stepsof Algorithm 1 like RIPPERdoes.

3.5 Optimization Loop To improve classi cation accu-
racy RIPPERemplgysanoptimizationloop aftercompleting
all the stepsof Algorithm 1. During the optimizationphase
alternatvesto eachrule arelearnedanda descriptionlength
metric is usedto chosewhich of the alternatvesto keep.
The optimizationmay be repeatedary numberof times. If
k optimizationloops are employed the algorithmis called
RIPPER. Experimentswith RIPPERindicatethat while
the optimizationloop doesimprove performancesome,the
effectis not large (seeSection4.1). As the primary goal of
IREP++wasto developafasteralgorithm,we didn'tinclude
ary optimizationloop.

4 Experimental Results

The accurag and speedof IREP++were assessedsinga
variety of realistic and syntheticdata sets. The realistic
datasetswere gatheredfrom the University of California,
Irvine's datarepository[2], thedatafrom The Third Interna-
tionalKnowledgeDiscoveryandDataMining ToolsCompe-
tition [8], someof the datadistributedwith the LNKnet data
mining packag€9], the phonemedatasetfrom the Esprit
ROARS project [1], and someinformation assurancelata
setsproducedby the authors. In someinstanceshe data
setdid 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 achiezed by picking one valueto rep-
resenta positive targetandallowing all othervaluesto rep-
resenta negative target. Datasetswererandomlysplit, pre-
servingthe prior probability of thetarget,into atrain setand
atestsetwith two thirdsof thedatagoingto thetrain setand
the remaininggoing to the testset. All error ratesreported
re ect performancenthetestdata.

Our speedassessmentare basedon the above men-
tioneddatasetsandsomesyntheticdatasets. The synthetic
datasetswill bediscussedh Sectior4.2.

4.1 Accuracy We comparedIREP++ to RIPPEROand
RIPPER2(RIPPERwith no optimizationloop and with 2
optimizationloops)on severalrealisticdatasets.Both RIP-
PEROandRIPPER2veretriedwith andwithoutthenegation
feature which enablest to learnliteralsof theformf; 6 c.
A summaryof theseresultsappearsn Tablel. RIPPER2
doesonly maminally betterthanRIPPERMnthesedatasets.
Thewon-lost-tiedrecordof RIPPERZomparedo RIPPERO
is 10-6-3with only oneof thewins beingstatisticallysignif-
icant. Here,andin the following, statisticalsigni canceis
calculatedusingthe methoddescribedn [11]. We assume
the differencebetweenthe error ratesof the two classi ers
on the testdatasetis approximatelynormally distributed.
If the differencebetweerthe errorratesis signi cant at the
95%level we deemthedifferencesigni cant.

The won-lost-tiedrecordof IREP++comparedo RIP-
PER2is 6-7-6 with two of thosewins and no lossesbeing
statistically signi cant. Against RIPPERO,IREP++ hasa
10-6-3won-lost-tiedrecordwith four statisticallysigni cant
wins and one signi cant loss. The negationoption doesnt
affect the resultsvery much. ComparingIREP++to RIP-
PEROwith negationchangeshe won-lost-tiedrecordto 11-
6-2 with threewins andtwo lossesstatistically signi cant.
RIPPER2with negation hasthe samewon-lost-tiedrecord
asRIPPER2without negation. Two of thewins andoneloss
arestatisticallysigni cant. Giventheseresultswe conclude
thatthereis verylittle differencan theaccurag of RIPPER2
andIREP++while IREP++andRIPPER2arebothabit more
accuratehanRIPPERG. However, our experimentaresults
indicatethatlREP++is signi cantly fastethaneithervariant
of RIPPER.

4.2 Speed Severalfactorsaffecttherunningtime of these
algorithms.Thenumberof featurestypeof featuresnumber
of levels of cateyorical features,compleity of the target
conceptamountof noisepresenin thedata,andnumberof
training patternsall affectthe learningtime required.Speed
assessmentsf thesealgorithmsrequireda combinationof
realistic and syntheticdata. The data sets discussedin
Section4.1 were usedto assesdraining times on realistic
data.Two syntheticdatasetswereusedto measurénow well
the algorithmsscaleas datasetsizesincrease.In all cases
executiontime wasdeterminedy runningthealgorithmson
aPentiumlll Linux machinewith 512MB of RAM andusing
the Unix “time” commandto measurghe userand system
times.

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

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



Number of Number of
Train Patterns Test Patterns
551 139
751,076 250,360
751,075 250,361

Data Set
Credit*
Defcon_categorical
Defcon_intrusion

Features

Hypothyroid* 2,529 634 25
lonosphere* 280 71 34
KDD_cupt 395,216 98,805 41
Kr-vs-kp* 2,555 640 36
Letter** 16,998 3,002 16
Monks-1* 432 124 6
Monks-2* 432 169 6
Monks-3* 432 122 6
Mushroom* 6,498 1,626 22
Pbvowel** 1,194 300 5
Phonemet 4,322 1,082 5
Pima-diabetes* 614 154 8

Promoters*
Sonar*
Votes*
Wdbc*

84
165
347
454

Number of Categorical
Features

RIPPERO RIPPER2
RIPPERO Negation RIPPER2 Negation IREP++
Errors Errors Errors Errors Errors
9 26 26 18 22 25
10 22 9 16 7 21
0 9 9 7 7 11
18 9 9 8 8 8
0 4 4 5 5 8
7 44 50 37 46 55
36 6 8 7 7 6
0 6 6 9 9 18
6 32 32 0 0 0
6 64 64 64 64 53
6 6 6 6 6 6
22 0 0 0 0 0
1 8 8 6 6 6
0 200 200 170 170 134
0 38 38 39 39 48
57 10 7 7 7 2
0 10 10 12 12 8
16 5 8 6 6 6
0 8 8 5 5 0

Tablel: Performancef IREP++,RIPPERCandRIPPER20n severalrealisticdatasets. The columns‘RIPPERONegation
Errors” and“RIPPER2NegationErrors” indicateaccuray ratesfor RIPPERwith the negationoption enabled.Datasets
markedwith a* comefrom the UC Irvine Repository y setscomefrom the 1999KDD Cupcompetition** setsarefrom
the LNKnet datamining packagethe zsetis from the ROARS project,andunmarledsetswerecreatedy theauthors.

shav the timing resultsfor data setscontainingover one
thousandtraining patterns. The resultsare summarizedn
Table2. IREP++is fasterthan RIPPER2in all casesand
fasterthanRIPPEROQIn all but two cases.Thetwo datasets
on which RIPPEROwas fasterare small and total training
time for RIPPEROandIREP++waslessthanoneseconcdn
thesesets. However, on the larger datasetswheretraining
times were longer, IREP++ was always fasterthan either
variantof RIPPER.In someinstanceshis differencewas
quite dramatic. For example, on the KDD_cup data set
IREP++ trainedin about1 minute 30 seconds,RIPPERO
requiredabout8 minutes,andRIPPER2requiredover a half
an hour. Sincethe KDD_cup datasetis representatie of
the datasetswe wish to work with interactvely (in terms
of size and numberof features)the differencein training
timesrepresentthedifferencebetweerinteractve andbatch
processing.In almostall casesuseof RIPPERS negation
option decreasedhe requiredtraining time. In somecases
the differencewas dramaticwhile it othersit madelittle
difference. For example, RIPPER2requiredlessthan 17
minutesto train on the Defcon_catgorical data set with
negationand almost27 minutesto train without it. On the
otherhand,theKDD _cupdatasetwhich alsocontainsmary
catgyorical featuresshaved very little differencein training
times. Mushroom which containsonly categoricalfeatures,
sav anincreasdn training timeswhenthe negationoption
wasemployed. This variancecanbe tracedto the reduction
in rulescausedy thenegationoption. As indicatedin Table
3, RIPPER2with negationlearnechalf asmary rulesonthe
Defcon_catgoricaldataasit did without negationwhile the

reductionin learnedrules was lessfor the KDD_cup and
Mushroomsets.

To asseshiow well the algorithmsscalewe constructed
two synthetic data sets: one containingonly categorical
featuresandonecontainingonly numericalfeaturesin both
caseddatawas generateddy rst selectingrandomfeature
values. For the numericaldatasetall featuresvalueswere

oating point valuesbetween0 and 1. For the categorical

datasetall featurevalueswererandomlychoserfrom a set
of eleven possiblevalues.A rule setof the form learnedby

RIPPERandIREP++wasthenusedto decideif thefeature
vectorshouldbegivenatrueor falsetarget. Noisewasadded
to thedatasetby changingthetargetvalueof fteen percent
of thedatapatterns All datasetscontainedenfeaturesThe

rulesfor generatinghe continuoussalueddatawere

[1]<0.2 and [3]>0.8
[2]>0.7 and [3]<0.6

and [7]<0.5;
and [9]>0.25;

where[i] > c indicatesthat featurei mustbe greaterthan
thevaluec. Eachsemi-colonterminatesequencef literals
is asinglerule. If therandomlygeneratedlatawascovered
by eitherrule it wasassignecdh targetvalueof true. For the
catagyoricalfeaturegherule setwas

[1] in {a} and [3] in {a, b, c
d, e, f} and [7] in {g, h, |
i koak

2] in {, a b, c, d e f} and
[38] in {g, h, i} and

9]

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

in {b, ¢, d e f



Training Number Percent

Data Set Patterns Features Catetgorical
Defcon_intrusion 751,075 33 0%
Defcon_categorical 751,076 17 59%
KDD_cup 395,216 41 17%
Letter 16,998 16 0%
Phoneme 4,322 5 0%
Kr-vs-kp 2,555 36 100%
Mushroom 6,498 22 100%
Hypothyroid 2,529 25 72%
Pbvowel 1,194 5 20%

RIPPERO RIPPER2
IREP++ RIPPERO ' Negation RIPPER2 Negation
Time Time Time Time Time
08:41.48 10:15.15 10:14.23 37:25.40 36:52.08
02:25.59 06:30.09 04:43.36 26:57.50 16:47.74
01:31.19 08:26.94 07:54.23 33:18.69 30:39.23
00:04.61 00:06.21 00:06.11 00:20.92 00:20.65
00:01.72 00:01.35 00:01.32 00:04.83 00:04.82
00:00.55 00:00.41 00:00.39 00:01.41 00:01.46
00:00.35 00:00.57 00:00.68 00:01.54 00:01.59
00:00.34 00:00.23 00:00.24 00:00.42 00:00.42
00:00.02 00:00.06 00:00.05 00:00.19 00:00.18

Table2: IREP++andRIPPERtrainingtimes. The percentcategorical columnindicatesthe fraction of featureswhich are

categyorical.
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Figure2: Trainingtimesof RIPPEROand IREP++o0n syntheticdatawith continuoudfeatureqa) and categorical features
(b). Theline titled “RIPPERONegation” indicategrainingtimesfor RIPPEROwith the negationoptionenabled.

resultsaresummarizedn Figures?2aand2b. SinceRIPPERO
is always fasterthan RIPPER2we only presentthe results
of RIPPEROand IREP++ here. On the cateyorical data
resultsfor RIPPEROwith andwithoutthenegationoptionare
presentedlt is clearfrom these gures thatIREP++scales
more ef ciently than RIPPERand that the negationoption
improvesthe training timesof RIPPER.Fromthe gures it
appearshatbothscalenearlylinearly with IREP++having a
smallerslope.Thisis consistentvith theanalysisandresults
in [5].

4.3 Number of Rules Becauseof the differencesn how
RIPPERandIREP++handlecateyorical featureswe expect
IREP++to be ableto expressthe sametarget conceptwith
fewer rules. Table 3 shavs the numberof ruleslearnedby
IREP++,RIPPEROandRIPPER2on all of therealisticdata
setswhich containcateyorical featuresexceptvotesandhy-
pothyroid. Thesetwo setswere omitted as votescontains
only threevaluesper cateyorical feature(yes, no, and un-
decided)andall the cateyorical featuresn the hypothyroid

RIPPER2 RIPPERO
Number of Number RIPPER2 Negation RIPPERO Negation IREP++
Features Categorical Rule Count Rule Count Rule Count Rule Count Rule Count
9 3 10 10 4
10 12
7 28
36 18
6 5
6
6
22
1
57

Data Set
Credit
Defcon_categorical
KDD_cup
Kr-vs-kp
Monks-1

20
24
15

2

8
23
10

4
Monks-2
Monks-3
Mushroom
Pbvowel
Promoters

woowo
AN ®O O
NO AN N

Table3: Numberof ruleslearnecby IREP++,RIPPEROand
RIPPERZ2o0n variousdatasets.

datasetare boolean. We would not expectseethe effects
discussedn Section3.2 on suchdatasets.

No variantof RIPPERlearnedanyrulesontheMonks-2
dataset. If we excludethis datasetfrom our analysisthen
IREP++learnedan averageof 4.56 fewer rulesperproblem
than RIPPER2without negation, and an averageof 3.11
fewer rules per problem than RIPPEROwithout negation.
When negationis enabledRIPPERgenerallylearnsfewer
rules.Thisis expectedasthenegationoptionallowsagreater



expressve rangefor RIPPERrulesand may thusallow the
target conceptto be expressedmnore ef ciently. However,
set-\alued splits are more expressive than negatedsingle-
valued splits and so we would expect IREP++to require
fewer rulesthan RIPPER.The datacon rms this: IREP++
requiresan averageof 2.44 fewer rulesthan RIPPER2and
anaverageof 1.44fewer rulesthanRIPPEROwhennegated
single-\aluedpredicatesrepermitted.

5 Summary

IREP++is anew learningalgorithmthatbuilds on IREP and

RIPPER.IREP++containsseseralimprovementshat make

it fasterwithout sacri cing accurag. Theseimprovements
includea new pruningmetric, a simpler stoppingcriterion,

andnovel datastructureghatreducethe numberof required
sorts. We have also demonstrateé more ef cient way to

handlecateyoricalfeatureghatallowsfor morecompactule

setsand shortertraining times. The resultingalgorithmis

as accurateas RIPPER2,but fasterthan RIPPERO. The

speedimprovementsmake it possibleto usethe algorithm

on very large datasetsin aninteractive ervironmentwhere
fastresultsarerequired.

A Proofthat FOIL Gain is Sortable

Given a catgyorical feature,f , having m levels, we denote
the levels of the featureasv;. Thev; areorderedsuchthat
that py=n; p2=ny Pm=nm Wherep; is the
numberof training patternswith valuev; wherethe target
valueis true,andn; is the numberof training patternswith
valuev; wherethetargetvalueis false.We wishto show that
the subsetof valuesthat maximizesthe FOIL gain metric
alwayshastheformS = fvy; vo; :::; vkgwherek m.

Eachsubsenf levels,S; mayberepresentedsavector
xs whoseit" coordinates 1 if v; 2 S and0 otherwise.To
prove the conjecturewe temporarilyrevert to a continuous
settingin which the valuesof xs may iq§teadtake on ary
vaIueinF;heintervaI [0; 1]. Letp(x) = i“ll piXij andlet
aix) = i“ll G x; whereg = p; + n;: Thenwecanwrite the
FOIL gainlgsf (x) P p(x) (log, (p(x)=q(x)) C) where
C=1log, (" L Pi= L G)-

DErINITION A.1l. Anm dimensionalectorx is saidto be
left shiftedif its r stj coodinatesarel,itslastm | 1
coorinatesare 0 andits (j + 1)% coodinateis betweerD
and1l.

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

Proof. Sincep(x) = p, f(x) = p(log, (p=qx) + C)).
Thusf (x) is maximizedby minimizing g(x). Assumex is
notleft shifted. Thenthereexistsi < j suchthatx; < 1and
X; > 0. We canthenform x° by subtractinga smallamount,

, from x; andaddingg—"i to x;. X maintainsthe condition
p(x) = p. Furthermorewe know that

qx) ax) _ni nj
Y pi Y

sincep;=n;  pi=n;. Thuswe canbe assuredhatq(x°)
q(x). Thusx®hasFOIL gain greaterthan or equalto the
FOIL gainof x. If x%is not left shiftedwe may repeatthe
proceduredescribedabore until we arrive at a left shifted
vector

In orderto completetheproofof our conjectureve must
shaw thatall coordinate®f the vectorx thatmaximizesthe
FOIL gainmustbeeither0 or 1. TheoremA.1 shavs thatx
mustbeleft shiftedthuswe know thatatmostonecoordinate
of x isnot0 or 1. TheoremA.2 nishes our proof.

THEOREM A.2. For vy 2 [0;1], let xy =
L :::; 1 y; 0,005 0i, whee the it coorinate of xy
isy,andletg(y) = f (xy). Theng(y) maxfg(0); g(1)g.

Proof. We shaw thatthe secondderivative of g with respect
toy is non-n@ative andthusg(y) hasno local maxima. It
followsthatg(OLor 0(1) is amaximumfor y |2: [0; 1].

Let J':ll p =p andlet = J':ll G =9.
Since p1=q P2=0 pi=q, it follows
that Now we may write gly) = pi( +

y)(og,pi( +y) log,g( +y)+ C). Sincethelinear
terminvolving C hasno contribution to the secondderiva-
tive, andsincepositive constantmultipliers don't affect the
sign,we seethatthe secondierivative of g hasthesamesign
asthe secondderivative of h(y) = ( + y)(In( + y)
In( + y)). Differentiatingwe geth%y) = In( +y)+ 1

In( +y) ( +y)=( +vy). Thenthesecondlerivativeis
1 1 1 +y
ho = +
) ty +y +y (+y)?
_ 1
( +y)( +y)?
(+y)7 2( +y)( +y)+( +y)?
_ ()
( +y( +y)?
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