Learning Decision Rules by Randomized Iterative Local Search

Michael Chisholm CHISHOLM @MITRE.ORG

T he MIT RE Corporation, 202 Burlington Rd. M/S K302, Bedford MA, 01730, USA

Prasad Tadepalli TADEPALL@CS.ORST.EDU

Department o f Co mp uter Science, Oregon State Univer sity, Cor vallis, OR 97331, USA

Abstract

Learning easily understandable decision rules fro mexamples is one of the classic problems in machine learning. Most learning systems for this problememplo y so me variatio n of a greed yseparate-and-co nquer algorithm, which makes the rules order-dependent, and hence difficult to understand. In this paper, we describe a system called LE RILS that learns highly accurate and co mprehensible rules fro m examples using a rando mized iterative local search. We compare its performance to C4.5,

RIPPER, CN2, G-NET , Smog, and BruteDL, and sho w that it co mpares favorablyin accuracyand simplicityo f hypotheses in a number of do mains.

1. Introduction

Decision r ules offer many advantages as a representation language for machine learning. T hese include human-co mprehensibility, their relationship to logic, their suitabilityfor inference and for building expert systems, and their generalizability to first-order representations ( Cohen, 1995). As a result, there is a significant amo unt of effort devoted to learning easily understandable decision rules fro m examples (Weiss &

Indurkhya, 1991; Cohen, 1995; Cohen, 1999).

Ho wever, with the exceptio n of a fe w, e. g. Weiss,

Galen, & T adepalli (1990), most of these systems use so me variation of a greed yseparate-and-co nquer algorithm. Almost all o f these systems also make accuracyon the test set their onlymeasure of performance. While greed yalgorithms are timeefficient, it is unclear if the accuracyand comprehensibility can be improved b ymore exhaustive search for the simp lest and most accurate rules.

Unfortunately, an exhaustive search of the rule space for the best rules is impractical except for highly restricted spaces. Hence, we need so me co nstraints and heuristics to guide the search. Systems that relyon semi-exhaustive search for learning, such as neural networks, use so me sort of rando mized local search and produce highlyaccurate results (Bishop, 1996). Neural

networks, ho wever, are far from co mprehensible, and extracting co mprehensible rules fro mthem is challenging. One relevant q uestio n, then, is whether it is possible to learn highlyaccurate and co mprehensible rules b yadopting more exhaustive rando mized local search algorithms similar to those used b yneural networks.

Rando mized local search has been fo und to be beneficial in other areas of AI. For example, GSAT and Walksat algorithms solve hard satisfiability problems of thousands of variables using rando mized multiple-restart hill climb ing with simple evaluation functio ns (Selman, Kautz, & Co hen, 1994). T hese algorithms have also been successfully applied to planning, sched uling, and constraint satisfaction b y encoding them as satisfiability problems (Selman &

Kautz, 1996). However, it is fair to say that rando mized local search has not made a big impact so far on the design of algorithms in symbolic machine lear ning. One of our goals is to bridge this gap and explore the viability of these algorithms for machine learning.

Human co mprehensibility has recently gained importance as a desirable propertyof learned rules

(Quinlan, 1999). Humans can lear n fro mthe hypotheses o utput b ya co mp uter, provided the hypothesis is in a human-co mprehensible for m. Human experts can also participate in the learning process b y critiquing or improving the learned hypothesis if it is understandable to them. Decision r ules appear to be more human-co mprehensible than decision trees, more so if theyare independently accurate, i.e., each rule is accurate regardless of its position in a list of rules.

Unfortunately, lear ning multiple classes b y^separating and conquering~ each class o f examples violates this property, since the examples in each class are remo ved before learning rules for the next class. T his is the reason we avoid it.

Our system, called LE RILS, has two parts. T he first part finds rules and adds them to a large rule pool. T he second part combines the rules in the rule pool to for m a final ruleset. Both parts use rando mized local search with a ver sion of a minimum description length heuristic to trade off rule/ruleset accuracywith simplicity( Rissanen, 1984). T he algorithmcan handle missing attrib ute values and real-valued attributes.

We used 11 datasets to compare the perfor mance of our algorithm with RIPPER, C4.5 (Quinlan, 1993), and

CN2 (Clark & Niblett, 1989). We compare our performance to Smo g and G-NET on 7 datasets. Our algorithm was co mparable RIPPER, significantly better than CN2 on 3 datasets, and significantlyworse o n 2. It was significantly better than C4.5 on 4 datasets and significantlyworse o n onlyo ne. LE RILS´s hypotheses are similar in size to RIPPER´s, but witho ut the rule order dependence. CN2 was found to have excessively large hypotheses. Fro mthis we conclude that

LERI LS´s hypotheses are the mo st co mprehensible of the 4 algorithms tested. LE RILS also co mpares favorablywith G-Net and Smog in all but two of 7 domains tested and with BruteDL in 3 of the 4 domains tested.

2. Related Work

T here are several rule learning algorithms in the machine lear ning literature, most of which use so me for mof greed yheuristic and separate-and-co nquer strategy. For example, CN2 conducts a general-to - specific search thro ugh a space of rules b yadding conditions, e.g. Sky= Sunny , to rules and using a statistical significance test and an entrop ymeasure to keep track of the best rule found so far (Clark &

Niblett, 1989).

Swap-1 (Weiss & Indur khya, 1991) builds its rules greedilyb yremo ving as well as adding literals during the rule induction phase. T o avoid overfitting, it uses weakest link pruning (the link that wo uld result in the fewest new errors when pruned) with cross-validated data. T he high co mp utational co mplexityo f this

^reduced error pruning~ motivated the design of

RIPPER, which prunes rules incrementally (Cohen,

1995). First, rules are induced greedily. Unlike Swap -

1, literals mayo nlybe added to the end of a rule, not deleted or swapped out. A r ule is greedilypruned immediatelyafter it is created. All three systems, CN2,

Swap-1, and RIPPER, use separate-and-conq uer to learn multiple rules, which increases rule dependence and decreases co mprehensibility.

SLIPPER improves upon the accuracyo f RIPPER by using a for mo f boosting (Schapire & Singer, 1998), where the weak hypotheses are rules gro wn and pruned similarlyto RIPPER. Instead of separating the training examples covered bya r ule, the probabilities of their selection is changed so that the examp les which are incorrectlyclassified b ythe current rule have a better chance o f being selected in the next round. Each rule is assigned a confidence rating, and classification of a test example is done b ya for mo f confidence-weighted majority. LRI (Weiss & Ind urkhya, 2000) is similar to

SLIPPER in that it also uses a for m of boosting.

Ho wever LRI ’s rules are DNF for mulas, and the final classificatio n is done b ysimple majorityvote amo ng the rules. Both these programs produce highly accurate rulesets. Ho wever, the majorityfunctio n at the top level in both these programs wo uld make the hypotheses more expressive and so less co mprehensible than simp le sets o f rules.

Segal and Etzioni (1994) introduce a condition called

^ho mogeneity~ which implies order-independence. A ho mo geneous rule is one whose accuracydoes not change for anyspecialization. T heydescribe an algorithm called BruteDL that tries to achieve comprehensibility via r ule accuracy and orderindependence, b ydoing a depth-bounded exhaustive search of the space of ^ho mogeneous~ rules. T he goals of LE RILS and BruteDL are similar, altho ugh the algorithms are quite different, with interesting consequences. We will discuss these in Section 4.

3. Rule Learning Algorithm

T his section describes our learning algorithm in detail and analyzes its asymptotic complexity. Our algorithm is motivated b ythe need to learn accurate and comprehensible rules. T his implies that the rules should be simple and fe win number and should be independently accurate. T his rules out lear ning multiple classes b yseparate-and -conquer, and boosting that relies on majorityvoting o f several lo waccuracy rules.

3.1 Overview

LERI LS iteratively works on each class, and operates in two stages:

1. Create a large pool of rules.

2. T ryto find an optimal subset of these rules.

In the first stage, positive examp les are picked at rando m, and rules are created fro mthem. T hese rules are then refined b ydoing a rando mwalk, using a description length heuristic to guide the search. T he goal is to get a varietyo f good rules to choose fro m during the second stage. In the seco nd stage, r ulesets are created fromrando msubsets of the rules in the rule pool. T hese rulesets are then refined b ydoing a greed y walk using another description length heuristic. T hese two stages are repeated for each class, and then the final rulesets are greedilyordered to produce the final list of rulesets.

3.2 Rule Generation

Rule generation begins b ypicking a rando mpositive seed example. A rule is essentiallyrepresented as an example with extra relevance bits to indicate which literals of the example are a part of the rule. Each literal in the seed example has a 50% chance of being relevant in the initial rule created fro mit. T he seed example always remains covered to ensure a good varietyo f rules. As an illustration of this, consider the

4-attribute example where EnjoyT ennis is the class attrib ute and ?

represents a missing attribute, and consider the bit pattern 1001. T he rule represented bythese wo uld be

EnjoyT ennis= Yes :- Sky= Sunny , Wind= NotWindy .

Since the seed example has its third attribute missing, the third bit in the relevance bitset must always be 0.

During the rando mwalk, with probability p

1

, a rando m relevance bit is flipped. With probability

1

1 p - , that bit is flipped which minimizes the descriptio n length of the rule. At the end of the walk, the best rule fo und is added to the rule pool. In the experiments o f this paper, we used 35 .

1

= p and added 100 rules to the rule pool.

T he number of steps taken during the rando mwalk is dependent on the number of attributes, a , in each example. More attributes require a longer walk. We have been using 3 a steps in these experiments.

T he relative description length of a rule is co mp uted as p n s ) ( + , where s is the number of relevant literals

(rule size), n is the number of false positives (negative examples covered), and p is the number of positive examples covered bythe rule. Missing attributes in the seed example are kept per manentlyirrelevant in the rule. Note that unlike RIPPER and CN2, after a rule is created and added to the rule pool, the examples it covers are not removed fro mthe training example set.

So ever yrule is built using all the training examples.

T his is necessar ybecause it is not decided which r ules are actuallyused in the final hypothesis until the second stage. Co ntinuo us attributes require special handling, as described later.

3.3 Ruleset Generation

Duplicate rules are first removed fro m the r ule pool. A ruleset is simp lya collectio n of rules for the same class, and initiallyit contains a rando msubset of the r ule pool. Everyrule in the r ule pool has a 50% chance o f being included in the initial ruleset. So on average, the initial r uleset co ntains half the rules in the rule pool.

T he choice of which rule to add or remove fro m the ruleset is purelygreed y: that rule is removed or added to the ruleset that minimizes the resulting descriptio n

length o f the ruleset. A pure greed ymethod was fo und to be faster than doing rando mized walking for a fixed number of steps, and the quality o f the rulesets generated didn´t decrease significantly. T he ruleset description length is co mp uted as le + , where e is the total number of exceptio ns, positive and negative, to the ruleset, and l is the total number of literals in all the rules in the r uleset. Adding a count of literals to the description length causes the lear ner to prefer fewer and more general (i.e. those with fewer literals) rules to more specific rules. T he walk continues as lo ng as the ruleset description length co ntinues to decrease. T here are a fixed number of restarts, where a ne wr uleset is rando mlychosen fro mthe rule pool, and the greed y walk is begun again. T his compensates for the lack of rando mness in the walks. We used 5 restarts for each ruleset. T he best ruleset found during all steps of all greed ywalks beco mes the final ruleset for the class.

T o resolve classificatio n conflicts, the rulesets are ordered in a decision list structure. T he class of the first rule to cover the example beco mes the example´s predicted class. Ordering of rulesets is done in a greed y way. T he exception count of the decision list is simply the number of exceptions to the rulesets in the list. At anypoint, that ruleset is added to the decision list which minimizes the exceptio n count of the resulting decisio n list. For efficiency´s sake, an incremental algorithmis used that adds the ruleset which minimizes its contribution to the exception co unt. All co vered examples and false negatives fro mthe example list are removed after each ruleset is added, and succeeding rulesets are onlychecked on the remaining examp les.

3.4 Continuous Attributes

T here are no relevance bits maintained for continuo us attributes. Instead, a pair of threshold boundar yvalues is stored for each continuo us attrib ute, which represents the allo wable range of the attribute. T hresholds are comp uted prior to learning, using the infor mation gain criterion used in the ID3 algorithm(Quinlan, 1979). In particular, all the training examp les are sorted according to a continuous attribute. All split points that result in an infor matio n gain greater than so me minimum threshold ( minGain ) are then collected.

T here is one set of thresholds for each co ntinuo us attribute, for each class. Each set has ¥ - as its first threshold, and ¥ + as its last. An interval such as

) 5 , ( -¥ for an attribute x is sho wn as 5 < x ,

[ )

10 , 6 is sho wn as 10 6 < <= x , and

[ )

¥ , 14 is sho wn as 14>=x .

A continuous attribute is irrelevant if its threshold boundaries are ¥ ± . When a new rule is created fro m a seed example and a continuous attribute has been decided to be relevant, the threshold boundar yvalues are initialized to the narro west inter val containing the seed example´s attribute value.

Table 1

Sky T emp T ime Wind EnjoyT ennis

Sunny Cool ? NotWindy Yes

T he values chosen for threshold values are those that begin a run of examples of the class that r ules are being induced for, or a run of all other classes. For example, if we label examples o f class 3, say, as `+´ and all others as `-`, then the sorted list of examples can be split into alter nating segments of `+´ and `-` examples.

T he attribute values considered as thresholds are those that separate the +ve examples fro mthe ˘ve.

When doing a rando madjustment to a continuous attribute, both threshold bounds are mo ved to random thresholds, making sure the seed examp le remains covered. A greed yadjustment to a continuous attribute is an adjustment to exactly one of the threshold boundaries that minimizes the description length o f the resulting rule, while keeping the seed example covered.

We chose to onlyconsider adjustments to one threshold bound to speed the algorithm up.

3.5 Co mplexity Analysis

Here we derive the time co mplexityo f the algorithm.

A set of training data may be characterized in ter ms of three parameters: the number of attributes per example, the number of examp les, and the number of classes. In order to derive a worst-case bound on running time, two assumptio ns will be made: (1) all attributes are continuous, and (2) onlygreedy adjustments are made.

T able 2 contains all the variables used in the system.

Of those, all except minGain and p

1

are used in the follo wing derivatio n. M , k

1

, r , minGain , and p

1

are tunable.

Finding the relative description length of a rule takes

) ( ea O time since rule/example coverage tests take

) ( a O time, and only one pass through the training data is needed. T here are ta threshold adjustments to check when making a greed ystep, hence each greed ystep takes ) ( ) ( 2 2 2 a e O tea O = time, since e t £ . k

1

a steps are taken to build each r ule; therefore rule generation takes ) ( 3 2

1

a e Mk O time for each class.

Finding the description length o f a ruleset takes

) ( Mea O time. T here are M£ rule inclusions/ exclusions to check, therefore one greed ystep takes

) ( 2 ea M O time. Finally, there are ) ( Ma e O l e + = + £ greed ysteps taken, since the max description length is l e + and it can only decrease during the course of the greed ywalk. Hence, ruleset generation for one class for one restart takes ) ( 2 3 2 2 ea M a e M O + time. r restarts therefore take ) ( 2 3 2 2 ea rM a e rM O + time.

T he final stage is class ordering. Recall that finding the description length o f a ruleset takes ) ( Mea O time.

T here are c candidates for the first ruleset in the decision list, then 1 - c , etc., for a total time co mplexity of ) ( 2 Mea c O .

Overall, there are rule and ruleset generatio n phases for each class, plus a single phase o f class ordering. T his

results in a final time co mplexityo f

) ( ) ( 3 2 3

1

2 2 2 3 2 2 3 2

1

a e M rk c O Mea c ea crM a e crM a e cMk O = + + +

.

In our experiments, parameters were tuned b y observing runs on a few of the datasets ˘ initially on the synthetic datasets, and then when the algorithm wor ked on more than just binar y attributes and classes, on a couple of the other datasets, such as iris and ecoli.

We used M =100 in these experiments, and if there are few duplicates, this results in a constant factor of

1,000,000 in the third ter m. T he size of the ruleset decreases with each step, so making the greed ysteps gets faster the farther along in the walk yo u are.

Nevertheless, making those first steps can be ver ytime consuming. In practice, the time for rule generatio n is often outweighed b ythe time for ruleset generation. In anycase, ruleset ordering is ver y fast, and the actual time is usually negligible in co mpariso n to the other two stages.

4. Results

We used 9 datasets fro mthe UCI Machine Lear ning

Databases Repositor y(Blake & Merz, 1998) and 2 synthetic datasets of our o wn creation (CNF and DNF) to compare our algorithmto RIPPER, C4.5 (Quinlan,

1993), and CN2. Seven other datasets fro mthe archive are used to compare LE RI LS to G-NET and Smo g.

4.1 C4.5, RIPPER, CN2

C4.5 is a popular machine learning algorithm that greedilybuilds a decision tree using infor mation gain to select an attrib ute to divide the training set. It is simp le, fast, and perfor ms well o n most do mains. RIPPER and

CN2 were described in section 2. RIPPER´s default

Table 2

Para m. Description a number of attributes per example e number of training examples c number of classes

M Number of r ules added to the rule pool during rule generatio n k

1

Multiplier of a that deter mines the length of the walk during rule generation r Restarts fro mthe pseudocode: number of restarts during ruleset generatio n t the length of the longest threshold list l the total number of literals in all rules in the rule pool.

minGain Minimum infor matio n gain required to keep a threshold boundar yvalue.

p

1

Probabilityo f making a random step during rule generation.

behavior is to fir st order the classes b yfrequencyo f occurrence in the training data. Assuming n classes, it finds rules to separate the fir st class fro mall others, then class 2 fro mclass 3 through n , etc. No rules are induced for the last ( mo st frequently occurring) class; it becomes the default. T o resolve ordering conflicts

RIPPER tries the rules in the order theywere induced.

When using the unordered rules option, rules are created to separate class k fromall other classes, for all classes k. T o resolve conflicts, the rule that was mo st accurate on the training data is preferred. If no rules cover the example in questio n, the most co mmo nly occurring class in the training data is predicted.

CN2 has the same capabilityto create unordered and ordered rules (Clark & Boswell, 1991). When CN2 creates unordered rules, the algorithm changes a little bit. Instead of removing all covered examples after a new rule is fo und, only tho se examples of the ne w rule´s class are removed. T his promotes the accuracy of succeeding r ules, as the negative examples still remain in the training data to help shape the new r ules.

T he conflict resolution strategy for classification is changed as well. Instead of using the decision list structure, the preferred class for an unseen example is chosen probabilistically fro m the classes of all rules that cover the example.

T he last column of table 4 contains LERI LS´s scores when making the last class in the ruleset list a default class. Note that both RIPPER and CN2, whether creating ordered or unordered rules, always have a default class. If theyhad no default class, their accuracies would drop. T he appropriate comparisons to

LERI LS to make are with unordered variants o f the algorithms. T his is because the rules for the ordered variants are produced byremoving all examples o f previous classes before learning rules for the next class.

T hus, the rules are not independently accurate. Scores for the ordered variants appear in the table as a reference, because the ordered variants are more commo nlyused. LE RI LS outperfor ms unordered

RIPPER and CN2 on many of the datasets. Ordered systems are generallymore accurate than unordered systems, but theylo se co mprehensibility.

LERI LS significantly outperfor med C4.5 on four datasets: CNF, DNF, xd6, and balance-scale. It was outperfor med onlyo n ecoli. LERI LS o utperfor med unordered CN2 on CNF, DNF, and xd6, and was outperfor med on lost2p-high and balance-scale. CN2 ´s hypothesis for these datasets contained 6 and 8 times

(respectively) the number of rules that LERI LS did.

Clearly, this extra accuracycame at a price. LERI LS outperfor med unordered RIPPER on onlyhepatitis and xd6, but was not significantlyo utperfor med b yRIPPER on anyo f the datasets.

T able 5 contains hypothesis sizes for a single run of the algorithms. T hese are indicative of co mprehensibility, although co mprehensibilityinvolves more than the rule size and there is no widelyaccepted measure. For example, it appears that r ules are more co mprehensible than trees, and rules that are independent of class order are even better than order-dependent rules. For the r ule learners there are two numbers per cell: the number of rules, follo wed b ythe total number of literals in all rules. For those algorithms that used a default class, the default r ule counted as one rule with no literals. For

C4.5, the values represent the total number of nodes in the decision tree.

LERI LS al ways ind uced hypotheses that were smaller than unordered RIPPER´s. T he number of literals in

LERI LS´s rules were always smaller than the number of nodes in C4.5´s trees. In almo st all cases, CN2´s hypotheses are significantlylar ger than the rest.

T he above results may look good, but our algorithmis much slo wer than CN2 and RIPPER. Each of the ten trials with the iris dataset took less than 2 minutes to complete. In co ntrast, each trial o f the credit-screening dataset took 2.5 to 3.5 hours to complete. But our goal with this algorithm is to sacrifice speed for accuracy and co mprehensibility. We took the view that it is acceptable to take longer to learn, as long as good, independent, co mprehensible rules are produced.

4.2 G-Net and Smog

We compared the perfor mance of LERI LS with two other search-intensive learning algorithms, G-net and

Smo g, that also use a minimum description length heuristic to avoid overfitting. G-net (Anglano et. al.,

1998) learns concepts in the for mof propositional and first order Horn-clauses. It has a two -level architecture where the lo wer level uses a for mo f (^coevolutive~) genetic search to find the best clauses, which are then combined into a disjunction at the higher level using a greed ysearch. Similar to LERI LS, it uses evaluatio n functio ns that incorporate minimum description length principle at both the levels. While LERI LS and G-net are similar in sharing the same hypothesis space and two -level search, theyuse very different search strategies in both the levels.

Smo g (Oliveira & Sangio vanni-Vincentelli, 1996) represents its hypotheses in the for m of reduced ordered decision graphs (RODGs), which have the advantage o f being much more co mpact than decision trees and rules.

It uses a highy successful heuristic techniq ue fro mlogic synthesis for reordering the variables in the graph, and applies a stochastic search algorithm with minimum description length heuristic to find a co mpact RODG.

LERI LS shares the ideas of stochastic search and MDL

Table 4. Accuracies of the Algorithms (* indicates a performance increase relative to LERILS significant at the 0.05 level. �indicates a performance decrease relative to LERILS significant at the 0.05 level.)

Dataset RIPPER

(unordered )

RIPPER

(ordered)

C4.5

CN2

(unordered)

CN2

(ordered)

LERILS

CNF 99.6 ± 0.27 100 ± 0 97.3 ± 0.40� 98.9 ± 0.35� 100 ± 0 100 ± 0

DNF 99.8 ± 0.20 94.4 ± 0.93 96.8 ± 0.90� 97.8 ± 0.63� 98.2 ± 0.92 99.4 ± 0.43 xd6 79.5 ± 2.93� 84.5 ± 3.20 74.5 ± 3.37� 77.5 ± 2.71� 77.0 ± 1.86 87.5 ± 2.50

Lost2p-high

97.1 ± 0.64 96.7 ± 0.48 96.9 ± 0.65 98.7 ± 0.27* 98.5 ± 0.37 97.4 ± 0.56

Balance-scale

71.5 ± 1.49 72.1 ± 2.07 60.6 ± 1.97� 79.4 ± 1.53* 87.7 ± 1.12 73.1 ± 2.11

Balloons

100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0 100 ± 0

Iris

94.0 ± 2.32 93.3 ± 2.22 94.5 ± 1.72 95.3 ± 1.42 93.3 ± 1.72 96.7 ± 1.49

Ecoli

81.8 ± 1.50 81.2 ± 2.06 82.8 ± 1.26* 79.7 ± 2.22 80.6 ± 2.37 78.0 ± 1.77

Hepatitis

77.5 ± 3.16� 80.0 ± 3.85 81.2 ± 3.09 79.9 ± 4.41 81.8 ± 3.81 85.3 ± 3.15

Credit-screening

87.5 ± 1.50 86.5 ± 1.79 85.4 ± 1.58 82.6 ± 1.54 80.9 ± 0.80 84.5 ± 1.61

Glass

58.4 ± 2.11 69.0 ± 2.15 68.9 ± 3.33 64.5 ± 2.81 71.2 ± 3.08 60.8 ± 3.31

Table 3 . Descriptions of Datasets

Dataset Attributes Examples Attribute Type # of Classes Description

CNF 26 1000 Binary 2 Synthetic 3-clause CNF concept

DNF 13 500 Binary 2 Synthetic 5-term DNF concept

Xd6 10 200 Binary 2 DNF concept, 10% noise

Lost2p-high 24 928 Binary 2 Chess domain

Balance-scale 4 625 Nominal 3 Do objects balance each other?

Balloons 4 20 Binary 2 Conditions of an experiment

Iris 4 150 Continuous 3 Identifyspecies of Iris

Ecoli 7 336 Continuous 8 Localization sites of proteins

Hepatitis 19 155 13 bin, 6 cont 2 Predict if a patient dies or lives

Credit- 15 690 4bin,5no m,6cont 2 Credit approval

Glass 9 214 Continuous 7 Predict type of glass

Table 5. Hypothesis Size (rules/literals)

Dataset

RIPPER

(unordered)

RIPPER

(ordered)

C4.5

CN2

(unordered)

CN2

(ordered)

LERILS

CNF 23/71 4/11 45 33/120 18/44 4/11

DNF 16/52 11/38 41 22/81 12/24 6/14 xd6 7/14 6/17 17 39/174 32/87 4/9 lost2p-high 13/35 4/19 23 25/72 14/32 4/20

Balance-scale 27/53 15/31 26 148/474 56/102 18/36

Balloons 4/4 2/2 5 4/4 3/2 2/2

Iris 6/7 3/3 7 10/16 8/11 3/3

Ecoli 15/36 9/16 33 24/61 19/48 7/11

Hepatitis 6/8 4/6 13 18/47 12/36 4/7

Credit-screening 8/22 6/16 29 31/99 37/104 6/12

Glass 11/19 8/14 39 26/70 18/43 5/9 heuristic with Smog, although they use ver y different hypothesis spaces.

T able 6 includes co mparisons to Smo g and G-NET on 7 more datasets. T he results for G-NET , Smog, and C4.5 are taken fro m( Anglano et al., 1998). Both G-Net and

Smo g beat LERI LS o n mo nk2 and mo nk3. Monk2 ´s concept requires 15 rules of 2 literals each (exactly2 of

6 attributes are true) to express exactlyusing our disjunctive hypothesis space; LERI LS pruned awaya few rules, resulting in decreased performance.

Elsewhere, scores were mo stly similar.

4.3 BruteDL

As T able 7 shows, the accuracies of the rules of

BruteDL are similar to tho se of LERI LS in do mains where both of themare tested. It is not clear, ho wever, ho wlarge the learned rules are, or ho wmanyo f them there were in the learned hypotheses. Segal and Etzioni

(1994) prove that a non-ho mogeneous ruleset can always be converted to a ho mogenous one.

Unfortunately, this might require an exponential gro wth in the number of rules, as the rules themselves beco me progressively more specialized. Also, ho mogeneity is not the same as accuracy. I f the accuracyof a rule wo uld decrease for anyspecialization, then the rule is not ho mo geneo us, and is therefore unusable by

BruteDL, even if it is highlyaccurate and simple.

T here maybe a set o f equivalent ho mo geneous r ules, but depth-limiting the search ma y prevent them fro m being found. With no depth limits, there may be too many rules of lo w coverage, and choosing so me or all of them could over fit. In any case, the set of eq uivalent ho mo geneous rules is more complex than the original rule.

T hus, BruteDL sacrifices accuracyand simplicityfor ho mo geneity. LERI LS, on the other hand, does not care for ho mo genity, and trades off accuracy and rule size. It induces all its r ules without example removal, which ensures that rules are independently accurate. Rule overlap is discouraged b yinsisting that each rule covers a new seed example. T he disadvantages of LE RILS are

its many tunable parameters and its expensive search.

BruteDL is a cleaner and faster algorithm.

5. Conclusions andFurther Work

We have demonstrated an algorithm that ind uces human-co mprehensible rules with accuracies comparable to the best rule inducer s. It can handle datasets with any number of classes, and both missing and continuous-valued attributes. T he last five datasets in table 3 have one or more continuous attrib utes.

Unordered RIPPER outperformed LERI LS o n three of them, so there still seems to be roomfor improvement in the handling of continuous attributes. Any improvements made to the speed of the algorithm wo uld also greatlyincrease its attractiveness. For example, these include making the ruleset generation process more incremental, and preprocessing training data bytaking a subset of features and/or training data.

Nevertheless, our accuracies seem to be co mparable if not significantly better than the others. We have made a greater commitment to co mprehensibilityand rule order-independence than the others, and that´s where our algorithm shines.

Due to the mod ularity of the algorithm, it is possible to add a ^filtering module~ in between the rule generator and the ruleset generator, which could look at the r ules generated b ythe rule generator and thro w out so me rules before passing them on to the r uleset generator.

T his filtering co uld be done in different ways. Humans mayhave an idea of what rules make sense, and what rules don´t. T he rules in the rule pool could be sho wn to a human expert who selects rules to thro waway. In this way, a human co uld become involved in the rule learning. Or, a kno wled ge based solutio n might be used to replace the human. T his wo uld allo w prior domain-specific kno wledge to assist in rule ind uction, which has historicallybeen difficult to do.

BruteDL tries to minimize rule overlap b yfinding ho mo geno us rules. Ho wever it can be argued that rule overlap is a good thing because it makes the ruleset

Table 6. Co mparison to G-NET and S mog

Dataset G-NET Smog C4.5 LERILS

Monk1 100 ±0 100 ±0 100 ±0 100 ±0

Monk2 97.2 ± 3.8* 100 ±0* 67.2 ± 10.66 77.4 ± 0.97

Monk3 100 ±0* 100 ±0* 100 ±0* 98.9 ± 0.40

T ictactoe 99.0 ± 0.62 97.2 ± 1.97 92.9 ± 1.82� 100 ±0

Credit 84.2 ± 4.40 80.4 ± 5.08 86.0 ± 3.28 84.5 ± 1.61

Breast 94.7 ± 2.89 93.3 ± 2.44 94.1 ± 3.32 95.9 ± 0.65

Vote 94.9 ± 3.20 94.7 ± 2.64 95.4 ± 3.05 94.5 ± 0.86

Table 7. Co mparison to BruteDL

Dataset BruteDL LERILS

Glass 62.0 ± 5.3 60.8 ± 3.3

Hepatitis 80.6 ± 7.9 85.3 ± 3.2

Iris 93.1 ± 4.5 96.7 ± 1.5

Vote 93.0 ± 3.2 94.5 ± 0.86 more robust against noise and missing attributes. On the other hand, the time co mplexity of LERI LS may be improved b yusing ho mogeneity as a heuristic in addition to description length. It appears that accuracy, comprehensibility, and robustness are three desirable properties of a rule set, and one might have to trade off one for the other. We took comprehensibility to mean simplicityand order-independence, but this is admittedlyinadequate. More research is needed to for malize the notio ns of co mprehensibility and robustness, and design lear ning algorithms that tr y to achieve them.

Acknowledgements

We would like to thank Ross Quinlan, WilliamCohen,

Peter Clark, and T imNiblett for making their rule inductio n systems available for use in our co mparisons.

We thank the anonymo us reviewers of this paper for many excellent suggestions and pointers to previous work. T his work was partiallysupported byNSF under grant number IIS-0098050.

References

Anglano, C. Giordana, A., Lo Bello, G. & Saitta, L.

(1998) "An Experimental Evaluatio n of Coevaluative

Concept Lear ning" in Proceedings of the Fifteenth

International Conference on Machine Learning , 19-

27, Morgan Kaufmann.

Bishop, C. M. (1996). Neural Networks for Pattern

Recognition . Oxford, England: Oxford University

Press.

Blake, C. L. & Merz, C. J. (1998). UCI Repository of

Machine Learning Databases

[http://www.ics.uci.ed u/~mlearn/MLRepositor y. html]

. Irvine, CA: University of Califor nia, Department of

Co mputer and Infor mation Science.

Clark, P., & Niblett, R. (1989). ^T he CN2 Induction

Algorithm.~ Machine Learning , 3, 261-284.

Clark, P., & Boswell, R. (1991). ^Rule Induction with

CN2: So me Recent I mprovements.~ In Proceedings of the Fifth European Conference on Machine

Learning , editor Yves Kodratoff, pp. 151-163.

Springer -Verlag, Berlin.

Cohen, W. W. (1995). ^Fast Effective Rule Ind uction.~

In Proceedings of the 12 th International Conference on MachineLearning, pp. 115-123. Morgan

Kaufmann.

Cohen, W. W., & Singer, Y. (1999). ^A Simp le, Fast, and Effective Rule Learner.~ AAAI-99 , Orlando,

Florida.

Mitchell, T . (1997). Machine Learning , McGrawHill.

Quinlan, J. R. (1979). ^Discovering Rules Fro mLar ge

Collections of Examples: A Case Stud y.~ In Michie,

D., editor, Expert Systems in the Microelectronic Age .

Edinburgh Univer sityPress, Edinb urgh, Scotland.

Quinlan, J. R. (1993). C4.5: Programs for Machine

Learning. Morgan Kaufmann, San Mateo, California.

Quinlan, J. R. (1999). ^So me Elements of Machine

Learning.~ In Proceedings of the 16 th International

Conference on Machine Learning , Extended Abstract pp. 523-525

Rissanen, J. (1984). ^Universal Coding, Infor matio n,

Prediction, and Estimatio n.~ IEEE Transactions on

Information Theory , IT -30(4):629-636.

Schapire, R. E., & Singer, Y. (1998). ^Improved

Boosting Algorithms using Confidence-rated predictions.~ In Proceedings of the Eleventh Annual

Conference on Computational Learning Theory , 80-

91.

Segal, R., & Etzioni, O. (1994). ^Lear ning Decision

Lists using Ho mogeneous Rules.~ AAAI-94 .

Selman, B., Levesque, H. J., & Mitchell, D. G. (1992).

^A New Method for Solving Hard Satisfiability

Problems.~ Proc. AAAI-92 , San Jose, CA, 440-446.

Selman, B. & Kautz, H., & Cohen, B. (1994). ^Noise

Strategies for Local Search.~ In Proc AAAI-94 ,

Seattle, WA, 337-343.

Selman, B. & Kautz, H. (1996). ^Pushing the E nvelope:

Planning, Propositional Lo gic, and Stochastic

Search.~ AAAI-96 , Portland, OR.

Oliveira, A. L. & Sangiovanni-Vincentelli, A. (1996)

"Using minimum description length principle to infer reduced ordered decision graphs" in Machine

Learning , 23--50, 25(1).

Weiss, S., Galen, R., & T adepalli, P. (1990).

^Maximizing the Predictive Value of Production

Rules.~ Artificial Intelligence. 45, pp. 47-71.

Weiss, S. & Ind urkhya, N. (1991). ^Reduced

Co mplexityRule Induction.~ Proceedings of the 12 th

International Joint Conference on Artificial

Intelligence , Morgan Kaufmann, San Mateo,

California, pp. 678-684.

Weiss, S. & Ind urkhya, N. (2000). "Light weight Rule

Induction" in Proceedings of the Fifteenth

International Conference on Machine Learning ,

Morgan Kaufmann, pp 1135--1142