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Abstract. Rules are commonly used for classi cation because they ar@utar, intelligible
and easy to learn. Existing work in classi cation rule ldaghassumes the goal is to pro-
duce categorical classi cations to maximize classi cat@ccuracy. Recent work in machine
learning has pointed out the limitations of classi catiotcaracy: when class distributions
are skewed, or error costs are unequal, an accuracy mamaritassi er can perform poorly.
This paper presents a method for learning rules directlinfROC space when the goal is
to maximize the area under the ROC curve (AUC). Basic priesifrom rule learning and
computational geometry are used to focus search for progisile combinations. The result
is a system that can learn intelligible rulelists with godd®performance.

Keywords: Classi cation, ROC analysis, rule learning, cost-sewsitearning

1. Introduction

One concern of utility-based data mining is the ability tokenaost-effective
classi cation decisions. In order to make such decisionsaasi er should
be able to produce, given an unseen instance, not just a femsi cation
(i.e. a class name) but also an instance score or probability hledtstance
belongs the class. With such an estimate, a classi er carituakng with
error costs, to determine the most cost-effective classian. Previous work
has shown that methods that can produce instances scotes aaed to make
cost-sensitive decisions, either directly by convertimgn into proper proba-
bilities using a calibration technique (Zadrozny and E|k2001; Niculescu-
Mizil and Caruana, 2005), or indirectly by using a technigueh as the ROC
Convex Hull (Provost and Fawcett, 1998a; Provost and Fay2ed1).

This goal calls for classi cation methods that are good aidpicing
accurate instance scores; in other words, methods thatmmaxROC per-
formance. In the data mining community, researchers insctagion are
starting to look at the area under the ROC curve (AUC) instéagdcuracy as
an evaluation measure, and designing methods to maximéz&WC. Such
work has been pursued in data mining, but most of it has immethods
whose concepts are dif cult to interpret, such as ensentflelassi ers, sup-
port vectors machines, etc. Probabilistic classi cati@s bbeen investigated
with other model classes such as neural networks (SantihBanbo, 1995)
and ensembles of decision trees (Provost and Domingos; Z@dtozny and
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Figure 1. ROC graphs and area under ROC curves.

Elkan, 2001). These models tend to be much more complex tharsets.
They attain good ROC performance but compromise intelliggbThey do
not have rules' appealing properties of modularity andliigigility *.

Rules are commonly used in data mining because of severahbkes
properties: they are simple, intuitive, modular, and gintforward to gen-
erate from data. But existing methods strive to optimizesgilaation de-
cisions, usually by maximizing accuracy (or equivalentfynimizing error
rate) on a training set. They usually try to construct smadimpact rule
sets while achieving high accuracy. Others have pointedtattaccuracy
is a poor metric to optimize (Provost et al., 1998; Ling et 2D03), so
accuracy-maximizing methods may be a poor choice for prioguscoring
classi ers—that is, classi ers with good ROC performance.

Therefore, an open question in data mining is how to geneudés to
produce reliable instance scores. Previous work (Faw2eft]l) showed how
rules could be combined in various ways to maximize ROC pevémce, but
the rules used in that work were generated by techniquesnigxa not in-
tended to maximize such performance. Most techniques pttEnmaximize
accuracy, and techniques that maximize accuracy do noyalpexform well
in ROC space (Provost et al., 1998).

This paper may be seen as an extension to that prior work. ieliince
a rule learning system called PRIE which is designed to maemROC per-

1 Modularity means that each rule is local and a decision on an instancade by only a
single rule. Ensembles lack modularity because multiglesilers may participate in deciding
an instance’'s class, and their votes may combine in univeuitays Intelligibility means that
the classi er is reasonably understandable to those whaatrpro cient in data mining.
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formance. PRIE exploits the structure of ROC space to guéteation of
new rules. PRIE has several attractive features:

1.

Because PRIE maximizes ROC performance, it naturallgleasrskewed
datasets.

. PRIE is able to handle multiple classes. It will attempbpdimize the

combined AUC for any number of classes simultaneously.

. PRIE's output is a single rulelist and thus is relativetyeiligible and

modular. To use this rulelist on a new unseen instance, tles are
evaluated sequentially and the rst one matching determihe class
and probability. The advantage of a rulelist over a rule setich all

rules may vote is that the latter is not modular; determinitngch rules
were responsible for a scoring decision may be dif cult améhtuitive.

With a rulelist, only a single rule is responsible for denigla score.

. Because PRIE uses a rulelist whose rules are orderecedewdy class

likelihood, the rulelist may be used naturally with the RG€@ethod
(Provost and Fawcett, 2001). In use, if operating cond#i@iass skew
and relative error costs) are known, the rulelist can bectited to elimi-
nate rules that will never affect a classi cation decision.

. PRIE handles numerical attributes naturally, using tl&CRourve im-

plicitly to identify promising discretizations. Other slsi cation models
may discretize variables in a preprocessing pass or mayegbeitjues
unrelated to model construction. PRIE considers everyreligation of
a continuous attribute to comprise a separate point in RGeespand
handles these the same as any other discrete attribute.

. PRIE can handle set-valued attributes (Cohen, 1996), hichwan at-

tribute of an instance may take on a set of discrete valugesddsof a
single one. Such features are useful, for example, in tedsckation
domains in which the set may represent the “bag of words” oxa t
document.

PRIE is unusual in that it uses basic principles from ruledisy and

computational geometry to focus search for promising ratelzinations. The
result is a system that can learn intelligible rulelistshwitgh AUC scores.

The remainder of the paper is organized as follows. Sectieac?ion

reviews the basics of ROC graphs and the ROC convex hull.€Tjésciples
and equations form the basis of PRIE's operation. Sectioasgribes PRIE
and the principles behind its operation. Section 4 dessribe sets of ex-
periments, and their results, intended to validate PRIgfg@ach. The nal
section concludes and describes areas for future work.
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2. ROC graphs

Prior to explaining the PRIE system we brie y review the theof Receiver
Operating Characteristics (ROC) graphs, upon which PRIEased. ROC
graphs have long been used in signal detection theory taitkei trade-off
between hit rates and false alarm rates of classi ers (E4@R5; Swets et al.,
2000). ROC analysis has been extended for use in visual@idganalyzing
the behavior of diagnostic systems (Swets, 1988)

A discrete classi er applied to a test set generates two imab statis-
tics. TheTrue Positive rate (also called hit rate and recall) of a classi er

is:
positives correctly classi ed

TP rate —
total positives

TheFalse Positive rate(also called false alarm rate) of the classi er is:

negatives incorrectly classi ed

FP rate -
total negatives

On an ROC graph, TP rate is plotted on the Y axis and FP rat®iteplon
the X axis.

A “hard” classi er—one that outputs only a class label—puods an
(FP rate , TP rate)pair, so it corresponds to a single point in ROC space.
Classi ers A and B in Figure 1a are discrete classi ers.

Several points in ROC space are useful to note. The lowerplzfit
.0; O/ represents the strategy of never issuing a positive cleagon; such a
classi er commits no false positive errors but also gainsrne positives. The
opposite strategy, of unconditionally issuing positivesdi cations, is repre-
sented by the upper right point; 1/. Any classi er that randomly guesses
the class will produce performance on the diagonal {inB x. The point
.0; 1/ represents perfect classi cation. Informally, one poimtROC space
is better than another if it is to the northwe$tR rate is higherF P rate is
lower, or both) of the rst.

The diagonal liney D x represents the strategy of randomly guessing
a class, and any classi er that appears in the lower righhtyie performs
worse than random guessing. This triangle is thereforellyserapty.

A rankingor scoringclassi er may be thresholded to produce a binary
classi er: if the classi er output is above the thresholdetclassi er produces
aY, else aN. Each threshold value produces a different point in ROCespac
so varying the threshold fromi to C1 produces a curve through ROC
space. An ROC curve illustrates the error trade-offs alkbglavith a given
classi er. Figure 1a shows the curve of a probabilistic si&s, C, in ROC

2 Much further information on ROC graphs and analysis is atéd, such as Fawcett's
(2006) overview article and tutorial notes by Peter Fladd0@).
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space. A more thorough discussion of ROC curves may be folsed/kere
(Provost and Fawcett, 2001; Fawcett, 2006).

2.1. AREA UNDER THEROC CURVE

To compare classi ers we often want to reduce ROC performdoa single
number representing average expected performance. A commathod is to
calculate the area under the ROC curve, abbreviaté@ (Bradley, 1997;
Hanley and McNeil, 1982). Since the AUC is a portion of theaawEthe unit
square, its value will always be between 0 and 1.0. Howeeslise random
guessing produces the diagonal line betwd®)/ and.1; 1/, which has an
area of 0.5, no realistic classi er should have an AUC lessth.5.

The AUC of a classi er is equivalent to the probability thiagtclassi er
will rank a randomly chosen positive instance higher thaamaomly chosen
negative instance. This is equivalent to the Wilcoxon téstaks (Hanley
and McNeil, 1982). Figure 1b shows the areas under two RO@&suA and
B. B has greater area and therefore better average perfoendrough A
performs better than B in the upper right region of ROC space.

ROC analysis is commonly used for two classes, but it has &dended
to multiple classes (Srinivasan, 1999). Unfortunatelgualizing the result
for more than two classes is non-intuitive. In practitelasses are commonly
handled by producing different ROC graphs. L&t be the set of all classes.
ROC graph plots the classi cation performance using clasas the positive
class and all other classegp 2 C as the negative class. Each such graph
yields an AUC area.

For a single probabilistic classi er this produceseparate curves with
n different AUC values. The AUC values can be combined intoralsi
weighted sum where the weight of each clasis proportional to the class's
prevalence in the training set:

X
AU Ctotal D AU C.Ci/ p.Ci/

c2C

2.2. THE ROCCONVEX HULL

Provost and Fawcett (1998b; 2001) have shown some impgrtaperties
of the convex hull of a set of points in ROC space. The detadsbayond
the scope of this article, but a classi er is potentiallyioml if and only if it
lies on the convex hull of the set of points in ROC space. Wetkalconvex
hull of the set of points in ROC space tROC convex hufROCCH) of the
corresponding set of classi ers.
This ROCCH formulation has a number of useful implicatidnsuse,

since only the classi ers on the convex hull are potentiaftyimal, no others

DMKD-UBDM.tex; 1/03/2007; 15:54; p.5



6

need be retained. Furthermore, in rule learning, the cohwdixcan be used
to ef ciently keep track of the best individual rules yet fodi This may in
turn be used to guide generation of new rules, as sectiorxplaies.

2.3. RULELISTS AND THE ROCCH

PRIE constructs a rulelist: an ordered list of rules whiohyse, will be tested
one at a time against a new instance. The rules are testedanumtil one of
them matches or until the rulelist is exhausted. The scam ¢émitted for the
instance will be based on the rule's statistics.

Each rule is a conjunction of conditions, the satisfactibwhbich im-
plies membership in a class. For simplicity, consider a thess problem with
classep andn. An example of a simple rule and some of its performance
statistics is:

X1 M XM X3! op
TP=15, P=100, TPrate=.15
FP=2, N=200, FPrate=.01

The second line speci es that within the datasetplé&kamples satisfy; *

X2 N X3 (True Positives). There are 1@Dexamples altogether, yielding a
true positive rate (TPrate) of .15. The rule matches twexamples (False
Positives). There are 200examples altogether, yielding a false positive rate
(FPrate) of .01.

Rulelists have a natural correspondence to ROC points ghd ®OCCH.
Rules on a rulelist are naturally ordered by likelihood.leade in a rulelist
corresponds to a point on an ROC hull. The probability of agiwle cor-
responds to the conditional probability that its conditi@ne true, given that
all the rules preceding it are false. Figure 2 illustratds tklationship. At
the bottom is a list of 11 rules learned from the UCI “car” damaith two
classesacc (positive class) andnacc (negative class). Each rule has two
lines: its number and the text (antecedents and consecufdht rule on the
rst line, and its local statistics on the second. The lodaltistics describe
how many positive (P) and negative (N) examples matchechagiiin the
training set, and from those how many were correct (TP) aocdriect (FP).

At the top of gure 2 is an ROC graph illustrating the rulelsper-
formance. Each point is labeled by the rule to which it cqroesls. More
precisely, each point corresponds tpra x of the rulelist. For example, the
point labeled 7 on the ROC graph represents the performéwatevould be
derived if only the rst seven rules were tested on an instarnts lies at
.:06; 0:5/ in ROC space. The TP rate can be determined by adding the TPs
of rules 1-7 (235) and dividing by the number of positives4B#). The FP
rate can be determined by adding the FPs of rules 1-7 (13) iaidirdy by
the number of negatives (N=220). If an example were to besictas by
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this rulelist, and it failed to match rules 1-6 but matchee i) the example's
score would be given as 23235C13  0:95. If an example failed to match
any rule inthe rulelist, it would be given the score of 46220C467  0:68,
which is the prior probability of thacc class.

This rulelist may thus be seen as a single classi er compagetiL
pieces. It can be “thresholded” by cutting off evaluatioreath of these 11
points, and thus yields an ROC curve with 11 points (pluswtleegndpoints at
(0,0) and (1,1)). PRIE's goal is to construct such a rulelisth the best possi-
ble ROC performance. The way it goes about generating rakassembling
a rulelist from them is described next.

3. PRIE

PRIE is a separate-and-conquer rule learner (Flrnkrarg9)1® may be
thought of as comprising an outer loop and an inner loop. Titerdoop
iteratively chooses the best existing rule and adds it teettteof the rulelist.
As rules are added to the rulelist, the instances they mai&cheanoved from
consideration (“covered”). The inner loop develops nevesuor the outer
loop to extract. What makes PRIE different is that the owteplcovers exam-
ples based on ROC performance, and the inner loop uses R@dmance
to suggest new promising rules.

Rule generation is accomplished by two interleaved prase$3ne pro-
cess calculates the convex hull in ROC space, then repgatiedito generate
rules that independently extend the hull. The outer proegsacts the left-
most rule of the convex hull, inserts the rule at the end oflaliat, then
removes those instances matched by the rule, and re-intlokast process.
The entire rule generation method may be seen as a procéssihaks”
ROC space iteratively then attempts to nd the best (mosteorative) indi-
vidual rule in that space.

3.1. RULE SELECTION AND INSTANCE COVERING(OUTER LOOP

The inner loop is discussed in more detail below. The outep lbom-
prises the higher level actions of the rulelist generatimtess. PRIE main-
tains a global rulelist, initially empty, and adds successiles to the end of
it. Algorithm 1 is a basic description of the outer loop prese

PRIE maintains one ROC space for each class under consaheaach
space is &lass referenc®OC (Fawcett, 2006),e. if C is the set of classes,
for every clasg; 2 C there is a ROC space R@6uch that the positive class
p D ¢ and the negative classD fc; 2 Cjj 60g Each of these ROC spaces
is initialized to be simply a line connecting; 0/ and.1; 1/.
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Algorithm 1 Rule generation algorithm

Given: Alarms: Set of alarm tupldy; ; ii where:p: probability calculated by the
classi er

Output: RL: rulelist

1: RL hi ;

2: for ¢ 2 Classeslo

3: Hulle h .0;0/.1; Vi;

4: end for

5: Create initial rules for discrete and set-valued attribute
6: Create initial rules for continuous attributes
7: while ... do

8 for ¢ 2 Classeslo

9: Develop_rules_for_ROE)

10: end for

11: R  Extract_best_rule

12:  Add Rto end ofRL;

13: end while

PRIE then generates singleton rules for attributes. Foln eligcrete-
valued attribute; with a valuev;. it creates a rule:

-4 D Vj;k/ I G
For each set-valued attribuag with a valuev;, PRIE creates a rule:
Vik 2 aj/ I ¢

For each continuous-valued attrib@gwith a valuev;,,, PRIE creates
two rules:

-4 <Vj;k/ ! Gi
-4 Vj;k/ ! G

For all these singleton rules, PRIE calculates the the taléstics (TP
and FP and their corresponding rates), then calculatesgbsition in ROG
space and calculates the convex hull

PRIE then enters its outer loop. Given each of thepaces ROCat-
tempts to develop each space as described in section 3.2.tiads done, it
extracts the single highest likelihood rule from all of tlmeex hull of each
class. The highest likelihood rule corresponds to the eimiipbthe leftmost
segment of the hull. If there are multiple vertical segmgtiis one with the

3 As an implementation note, PRIE keeps bit vectors with déguso calculating and
updating rule statistics is very fast. Calculating and dipdeconvex hulls is also very ef cient.
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highest TP rate chosen. In gure 2, rule 1 would be considénedhighest
likelihood rule. This rule is added to the end of the globaéliat, and all
of the ROG spaces are adjusted accordingly. Finally, the convex laués
recomputed.

Conceptually, this iterative extraction of rules may beutiat of as ex-
cising successive lower left (L-shaped) portions of ROCcep®f course,
extracting a rule affects all the ROC spaces so they museakttomputed.

This process continues until all the ROC spaces are extijliisteghey
are reduced to a single line connectifg0/ to . 1; 1/. At this point, the global
rulelist is output and PRIE terminates.

3.2. CONSTRAINING RULE GENERATION

PRIE's inner loop is responsible for generating new rulésldes this by
combining existing rules, by conjoining their conditiolsperates indepen-
dently over each of the ROC spaces it maintains.

One key issue for any separate-and-cover rule learningitigois how
to generate promising new rules. Considering every passirhbination of
features is NP-complete so rule learning systems must usésties to guide
their search. PRIE attempts to determine, for each of its R@dees, which
combinations of existing rules are likely to extend the @xnlull. If the new
rule would be unlikely to extend the ROC convex hull, it candtieninated
from consideration. In fact, geometric properties of RO&cgpcan be used to
eliminate large numbers of rules from consideration. Befaplaining how
PRIE's inner loop works in section 3.3, we describe the ppiles underlying
its process for deciding which rules to combine.

If we conjoin the conditions of two rules and to create a new rule

, where will the new rule lie in ROC space? The answer dependb®
intersections among the TP and FP setsahd ; thatis, upon their attribute
interactions. The next two sections derive estimates ptrformance of
based on different assumptions.

3.2.1. Independence
Let TPrate be the expected true positive rate oand letx be an instance in
the true positive set of. Then:

tpr p.x2TP/
pX2TP ~"x2TP/

A useful simpli cation is to assume that the rules are coiodgially indepen-
dent, so the probability of an instance matching one ruledspendent of the
probability of it matching the other. If we assume indepardeof and

tpr px2TP/ px2TP/
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jTPj jTPj
iPi JP]
tpr tpr

A similar derivation can be done for fprThus, the conjunction of two rules
and can be expected to lie in ROC space at:

| D fpr fpr ; tpr tpr Q)

Figure 3 shows an ROC graph of two rulesat. 0:6; 0:85 and at.0:35; 0:70/.
Rule | is plotted at 0:21; 0:59% as calculated by equation 1. We denote this
point | to emphasize that this performance estimate depends openee
dence of rule conditions.

3.2.2. Optimism

We may want to relax the independence assumption and alloapfamism.

What is thebest possibleule (.e. the rule with best ROC performance) that

could result from intersecting and ? This would be one in which the tp

rate was the highest possible and the fp rate was the lowssiipe. Because
D ~ ,anyexample matching must match and , so the tp rate of

cannot exceed either of these. The upper bound is:

tpr D min.tpr ;tpr / (2)

Calculating the lowest possible FP rate is somewhat mor@\ad. If
fpr and fpr sum to less than one, the lower bound is zero since it is plassib
for the intersection to be empty; otherwise their FP sets haag a non-null
intersection. In general, the expression for this lowemubig:

for D max 1 .1 fpr/C.1 fpr il ;0

D max 1 1Cfpr 1Cfpr/ ;0
D maxfpr Cfpr 1;0/ 3)

Combining equations 2 and 3, the best possible rule, dengjedould
lie at:
.maxfpr Cfpr 1;0/; min.tpr ;tpr // (4)

Figure 3 showsy of and , as calculated by equation 4.

3.2.3. Compromise

We have two estimates of the performance gfone based on a neutral
assumption of attribute independence and the other basemptimal at-
tribute interactions. We can control how optimistic theerldarning process
should be in its estimates by allowing a compromise betwaese two.
We introduce a parameterTiMism which allows us to interpolate linearly
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between these two points. FarTIMISM=0, the independent estimatg

is used; foropTiMIsM=1, the most optimistic estimate, is used; and for

0 < opPTIMISM < 1 the point will lie between the two estimates. We denote
this nal estimate g. Figure 3 shows g as a simple linear interpolation
between | and o with oPTIMISM=0.5.

OPTIMISM may be seen as a parameter that controls search in rule in-
duction with respect to the ROC convex hull. WitleTiMISM=1, only rules
that could not possibly extend the convex hull will be prundt note that
this parameter only controls generation of rule candidategardless of its
setting, if a new rule does not extend the convex hull it will be a candidate
for inclusion in the rulelist.

We can exploit these estimates to Iter unproductive rulmbmations.

If the estimated location of a new point in ROC space does xiteine the
convex hull, we need not consider creating the conjoinegl Mie can thus
Iter from consideration any rule pair whose conjunctionhewn plotted in
ROC space, does not lie outside the current hull.

3.2.4. Generation
In fact, we can do better than this. We can use these conditioonstrain
rule generation by removing from consideration rule pdieg ire unlikely to
produce worthwhile new rules. Given a ruleand the hull segmentd, we
can create a corresponding set of boundary segni&niisa second rule
does not lie abov® then ~  will not lie above the hull lineH, and this
combination need not be considered.

Given a hull line segmertt; 2 H expressed in the line equatignD
Mhar X C by, points lying above this line must satisfy the inequality:

Yy > Mhar X C bpy

Let rule have true positive ratep and false positive ratép . By equa-
tion 1, for a second rule to produce a rule above this hull line when
conjoined withr , it must satisfy the inequality:

y tp > mpy X fp C by (5)
tp tp > mpa fp  fp Cbha (6)
f b

P Muu fo C hull 7)

This inequality yields a “constraint line” below which ndewshould be
considered for combining with to extend segmertt; .

This is based on the independence assumption. A similavatim
can be done for the optimism assumption, and for combiniegtivith an
OPTIMISM parameter.

Figure 4 shows an example of this. Assume there is a hull segfinoen
..1;:4/ to0.:3;:6/, shown as a solid line in the gure. We have a rule labeled

tp >
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at.:35; :6/, and we want to determine which rules we should combine avith
to extend the hull segment. Using the inequality in equafiove can derive
the equation of a line:

yD 0:58 xC 05

which forms the dashed constraint line shown in gure 4. Akgsi ers
whose ROC points lie above this line, when conjoined witte @il may
be expected to extend the hull segment shown. This constianmay be
used to quickly eliminate many candidates from considenagny rule lying
below this line will not extend the hull segment. Thus, ralis a promising
choice for conjoining witta, butb is not.

3.3. RULE GENERATION (INNER LOOP)

PRIE's inner loop is responsible for generating new rulesyjoining the
conditions of existing rules. PRIE operates independemtbr each of the
ROC spaces it maintains, using the techniques ideas of shlar sections
to develop rules for each space.

Each hull segment is examined in turn and rule pairs are dereil
whose conjunction might extend the hull; that is, whose @odgiion is pre-
dicted to lie to the northwest of the segment, in the portibROC space
as yet uncovered. PRIE uses the principles in section 3@ speci cally
equation 7, to constrain its search for combinations.

Prior to generating the new rule, the antecedents of thetitosist rules
are checked for tests that might render the conjunctioreaselFor example,
if one rule contains a test; D v/ and the other contains a test D w/ for
two distinct valuesr andw, the two would not be combined. Another such
testis for conditions likey <v anda > v being combined in the conjoined
rule. In addition, duplicate tests within the antecedergga@amoved.

4. Empirical Validation

In this section, we compare PRIE's performance againsbuarother induc-
tion methods. The domains for evaluation are described amararized in
table I. In all of the experiments below, PRIE was used witloamimism
value of 0.5. These results are based on 10-fold crossataii

4.1. PRIEVS ERROR MINIMIZATION METHODS

As a baseline, we compare PRIE against error minimizatiothouks. Pre-
vious work (Fawcett, 2001) showed that rules used for sgop@rformed
better on maximizing the AUC than the same rules with jusir thard clas-
si cations. This is not a surprising result, since hard slasitions produce
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a single ROC point, whereas scores can produce a set of aiotgve) in
ROC space. Figure 1c illustrates this. However, it remairistseen whether
a system like PRIE, designed to maximize AUC performance,peaform
better than error minimizing rules interpreted probatidadly.

Previous work (Fawcett, 2001) evaluated the performanaeilefsets
for maximizing the AUC, but there are two signi cant differees with that
work. The goal of that work was to use standard error miningjfi.e. accu-
racy maximizing) rule generation techniques to see how toeyd best be
used to maximize AUC. In addition, that work experimentethvé variety
of rule resolution techniques—methods for combining tlepomses of mul-
tiple matching rules—to determine which was most effecitivenaximizing
AUC. That paper concluded that a weighted voting schemée@taV/VOTE)
performed best with the error-minimizing rules.

In this section we compare the best results from that paptrRRIE's
results. Table 1l shows the AUC results of PRIE and the AUQltesof
C4.5 using the WVOTE protocol. PRIE's performance is corapl to the
weighted voting of accuracy-maximizing rulesets.

4.2. PRIEAND OTHER RULE-LEARNING METHODS

ROCCER (Prati and Flach, 2005) is an AUC-maximizing rulerié@sg method.
As such, it is a competitor with PRIE. ROCCER uses an assoniatile
learning method to generate rules. It attempts to inseht rde into a rulelist,
testing the resulting rulelist's ROC classi cation penfoaince. If the new rule
improves the performance, it is retained, else it is disedrd

Table Il shows ROCCER's performance results compared i&BRN
fteen domaing reported by Prati and Flach (2005). The table shows that
PRIE performs as well or better on these domains than ROCCER.

As another comparison, we consider the work of Barakat aredBy
(2006). They point out that, because support vector maslare“black box”
classi ers, some work has been done on generating rulesets$VMs. The
goal is to obtain a classi er that retains much of the perfance of the SVM
with the intelligibility of a rule set. Barakat and Bradlegexi cally investi-
gated the AUC performance of the SVMs and the rulesets dkfiven them.
Though it requires two steps—generating an SVM from datx) tdenerating
a ruleset from the SVM—it achieves the same ends and thusdmaeting
approach to PRIE. It is worth comparing their results to PRIE

Barakat and Bradley (2006) compared their approach on anly do-
mains. Their results are shown in table IV. After the doma@me is the
AUC value obtained from the original SVM trained on the dé&é#pwed by
the the AUC obtained from the ruleset generated from the SV fourth

4 Satimage is not included because the contributors of thadtospeci ed that it should
not be used in cross-validation, upon which these residtbased.
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column shows the results of PRIE on the domain. These datatstad PRIE
is comparable to the rules extracted from an SVM on these tlema

5. Conclusions and Future Work

PRIE is an induction technique that is able to generate milestly from
ROC space when the goal is to maximize the area under the R®€.cu
PRIE uses basic principles from rule learning and compuntatigeometry
are used to focus search for promising rule combinations. rBlsult is a
system that can learn intelligible rulelists with good RO&fprmance. Em-
pirical results show that PRIE's rules compare favorablthwiose of other
similar induction techniques.

As mentioned earlier, PRIE discretizes continuous atteibly gener-
ating discrete singleton rules from every cutpoint. It theérops” these rules
into ROC space and lets them compete with others to form nig.rithus
PRIE implicitly uses ROC space to determine effective cun{sp the best
discretizations will end up on the convex hull. To the bestaf knowledge,
this is the rst time ROC space has been used as a discretizegchnique
in data mining, though it is used here in conjunction witkerldarning. An
area of future work is to investigate this discretizatiortmoel independently,
against other discretization techniques, to determinexitent to which the
attribute discretization is a factor in rule-learning penhance.

In terms of system control, PRIE may be seen as complemetutaing
ROCCER system (Prati and Flach, 2005). ROCCER takes rulesrged
from an association rule learner and examines their RO@paéhce when
placed into a rulelist. Thus ROCCER may be seen as generfatingthe
rule lattice space and ltering in ROC space. On the othedh&RIE gen-
erates rules directly from ROC space, but it must employ-postessing
tests (described in the last paragraph of section 3.3) & dtbviously poor
combinations. In a sense, these tests are incorporatiagmiation about the
structure of rule space that an association rule learnetaymgirectly. One
interesting area of future work is to attempt a more condeiéegration
of these spaces, so that both rule space information and R@iGrmance
expectations are used in parallel to maximum effect.
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N  Conditions N  Conditions
1 (maint = med) AND (lug_boot = big) ! acc 7 (maint = med) AND (lug_boot = med) !
TP: 59 FP: 0 P: 467 N: 220 TP: 26 FP: 6 P: 258 N: 213
2 (maint = low) AND (lug_boot = big) ! acc 8 (safety = high) AND (doors =3) ! acc
TP: 58 FP: 0 P: 408 N: 220 TP: 40 FP: 15 P: 232 N: 207
3 (safety = high) AND (maint = low) 9 (safety = high) AND (lug_boot = big)
AND (lug_boot=med) ! acc AND (doors = 5more) ! acc
TP: 28 FP: 0 P: 350 N: 220 TP: 10 FP: 5 P: 192 N: 192
4  (maint = med) AND (lug_boot = med) 10 (safety = high) AND (lug_boot = big) ! a
AND (safety = high) ! acc TP:17 FP: 9 P: 182 N: 187
TP: 27 FP: 0 P: 322 N: 220 11 (safety = high)! acc
5 (maint = low) AND (doors =5more) ! acc TP: 73 FP: 46 P: 165 N: 178

TP: 19 FP: 3 P: 295 N: 220
6 (maint = low) AND (doors =4)! acc
TP: 18 FP: 4 P: 276 N: 217

Figure 2. A rulelist (bottom) for the “car” domain and the correspamgiROC curve (top)
with respect to the acc class.
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Figure 3. Estimating the performance of a new ruleand are two rules conjoined to form

| is the expected new rule location assuming independergés the best (most opti-
mistic) rule combination we could expect; and a compromisegopPTIMISM=0.5) produces
the expected ruleg.
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Figure 4. A constraint line used to prune rule conjunction candidates
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Table I. Domains and their characteristics

Name Instances Classes Attributes

N Proportions | N Type
breast 683 | 2 65/34 | 10 0-9
breast-wisc 683 | 2 65/34 | 10 0-9
breast-wpbc 198 | 2 76/23 | 34 0-32
bupa 345 | 2 57/42 | 34  0-34
car 1728 | 2 70/29 | 34  6-28
cmc 1473 | 3 42/34/22| 34  7-27
covtype 5000 | 7 24/18/18/12/11/9/3 34  4-30
crx 653 | 2 54/45| 34  9-25
dermatology-BB 366 | 2 69/30 | 34 33-1
ecoli 336 | 2 89/10| 34  5-29
ag 194 | 8 35/24/20/8/4/4/1/0) 34  29-4
ag-Prati 194 | 2 91/8 | 34 19-14
german 1000 | 2 70/30| 34 20-13
glass 214 2 92/7| 34 13-19
glass-RS 205| 5 37/34/14/8/6] 34 13-19
haberman 306 | 2 73/26 | 34 13-20
heart 270 | 2 55/44 | 34 12-21
image 2310| 7 14/14/14/14/14/14/14 34  8-25
ionosphere 351 | 2 64/35| 34 0-34
kr-vs-kp 3196 | 2 52/47| 36  36-0
letter-a 20000| 2 96/3 | 36 20-16
mushroom 5644 | 2 61/38 | 36 36-0
new-thyroid 215 | 2 86/13| 36 315
nursery 12960 | 2 97/2 | 36 36-0
optdigits 5620 | 10 10/10/10/10/10/9/9/9/9/9 36  36-0
page-blocks 5473 | 5 89/6/2/1/0| 36 26-10
pima 768 | 2 65/34 | 36 26-10
promoters 106 | 2 50/50 | 57 57-0
sonar 208 | 2 53/46 | 60  0-60
splice 3190| 3 51/24/24| 60  60-0
vehicle 846 | 2 76/23 | 60 42-18
yeast 1484 | 10  31/28/16/10/3/2/2/2/1/) 60 42-17

& This is the UCI dermatology domain as converted by BarakaiBradley (2006): a two-
class domain comprising the original class 1 and class 2 demg the original classes 2
through 6.
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Table ll. PRIE compared against weighted voting (WVOTE) afuracy-maximizing rules.

Dataset AUC using WVOTE PRIE

Breast-wisc 973 36 983 1.7
Car 983 07 934 1.5
Cmc 664 4:9 663 2.7
Covtype 82 14 887 1.2
Crx 902 34 915 34
German 68 99 738 51
Glass 7% 6.0 828 161
Image 990 05 991 0:3
Kr-vs-kp 997 022 988 07
Mushroom 100 0:0 1000 0:0
Nursery 998 1 990 04
Promoters 8% 13 841 9.0
Sonar 70 14 746 136
Splice 972 07 937 16

Table lll. PRIE comparedto ROCCER

Dataset ROCCER PRIE
breast 9863 1:88 980 1.9
bupa 6530 7:93 730 67
e-coli-prati 9031 11:56 958 49
ag 61:83 2414 711 94
german 7208 6:02 738 51
glass 795 1298 828 161
haberman 681 1154 659 65
heart 8578 8:43 830 57
ionosphere 948 4:49 921 38
kr-vs-kp 9935 0:36 988 07
letter-a 9608 0:52 995 04
new-thyroid 9840 1:70 920 121
nursery 9785 0:44 990 04
pima 7068 5:09 803 43
vehicle 9642 1:47 975 21
Avg 8513 8684
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Table IV. PRIE vs SVM rule extraction method of Barakat anddey

Data set SVMAUC Std SVM+RulesAUC Std PRIEAUC Std
Pima 82 3 94 2 803 4:3
Breast cancer 97 1 96 2 98 2
Heart 89 4 81 5.1 83 5.7
Dermatology 1.00 O 984 1.1 99.0 1.1
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