Proceedings of the International ICSC Symposium onAdvanced in Intelligent Data Analysis (AIDA),The Rochester Institute of Technology, June 22-25, 1999.A Measure of Description Quality for Data Miningand its Implementation in the AQ18 Learning System* Also with Institute of Computer Science,

Given a sufficiently large database, it is usually possible an important problem in mining is which to select, or, more how to a that best the of the given domain. This paper an to this in which a thatoptimize a The flexibly combines two , into a single numerical measure of ). It is shown that by the ), the in the The )has in the AQ18 system, to other methods, such Gain, PROMISE, CN2, IREP be byintegrating the with through a (LEF). results 1The Problem Statementfrom is rules or that be aa of hypotheses the A arises as to what criteria will to a hypothesis with maximum as well as other properties, such as generality and simplicity.one the assumption (usually thatcontains no noise, the of a hypothesis (no with of all In applications involving often contains or inconsistencies; the be in situations. two to push in may also inconsistency, one may ahypothesis that is maximally consistent with the the of completeness, maximally at of inconsistency, or a hypothesis some combination of the two In may a hypothesis that strives to maximize criterion of computational and/or cognitive simplicity.The problem of in this is how to the of hypothesis into of hypothesis quality. Specifically, proposes a combining consistency newly thatthe improvement a guess) into one flexible measure Q(w). It also shows to combine Q(w) with a of into one of hypothesis . Q(w) to other as Gain, PROMISE, those in CN2, IREP and RIPPER rule learning systems. Combining Multiple Criteriato such as completeness, consistency, computational simplicity comprehensibility. This two integrating multiple into one through a function, employing a functional,(Michalski, 1983). The first is to gain newly into the Q(w) combine )with some of simplicity. They be to all types of or data. In this paper, we them in the context of has in the system Michalski, 1999). aone class (i.e., sharing the same of a output consists of a set of rules. Unlike rules that use only = or conditions, attributional rules employ a much set of in the (Michalski, The attributional is a with an to enhance both the of the descriptions, as well as their to For that the of attributional from Among the most important of a single the (the of positive by it), the consistency (the by it that in the positive pull in opposite A rule thatmore positive has a to a rule that to also positive examples. one a the rule that strikes an (e.g., al, 1992). rule in the (e.g., No single criterion can fit, however, all problems, may be to a flexible that takes into of a be problems. This proposes such aThe views as aof a rule that optimizes amulticriterion to best of the problem at The one of the rule being into one through a , ), (c, ), �, (c, the th criterion, with . The range, either absolute or relative, within which the ibest in current set of rules. Let us assume, example, that S a set of patterns, two to maximize completeness, consistency. Let us assume that hypotheses less than 10% below the by any single rule in S may be that if two or more hypotheses this criterion, the one with the highest consistency is to following LEF:LEF = < (completeness, 10%), (consistency, 0%)>It is possible that applying both more one hypothesis in the set of In The of the LEF that it is simple and efficient, so that it be of hypotheses. This taking into both a of the Consistency GainAs the of the rules is to classify unknown a typical of rule is testing accuracy, that is, the of classifying examples, which from the training During a process, testing one a that will be aof the testing using such a to some notation terminology. In literature, some of the a that is easy to understand and as consistent as possible the previous terminology.

Let the total number of positive negative examples, respectively, in the training set of concept or decision class. Let R be a rule or a set of to of that class, the number of positive byR, The ratio p / , compl(R), the of R. ratio p / (p + n), denoted cons(R), is the np), incon(R),is the inconsistency the of a set of rules a single 100%, the ruleset is a . If the of the ruleset is 0%, it is then a .Let us the as to which is arule with 60% 99.7% consistency, or arule with 95% 98% Clearly, the on the problem at some application domains, notably in a rule must be consistent with all the data unless some of the In other applications, in mining, one may strong that but not always. is no of rule that is all a flexible that be How then such a of rule Let us first look at a on the criterion, which is as a attributes in (e.g. Quinlan, arule be as a binary attribute that examples into those that satisfy the rule, those that not satisfy it. The information by using rule R partition the example space E is:class of an in E is the information after partitioning the space using rule R. is on the distribution of the in the by the rule in the by it; as such, it to both a As above, it not only onthe of the rule, but also informativeness of the complement of the rule. That is, takes into the partition by rule, than solely on the by it. is if more than twodecision classes. In such a situation, a rule may be classifying of one if it little to the entropy of the in other classes. limitation of measure is that it does not provide means in to fit problems (i.e., putting of rule quality, let that of positive in the training set of a given class be ain a rule. Clearly, a rule with be if the total number of positive was and the total number of was On the other hand, the same rule would be useless if was small. The distribution positive in the whole training can be measured by the ratio P / (P + ). The of positive and negative examples in the set by rule can be measured by the consistency p / (p + ). the these distributions / (p n)) — ( / (P N)). This value be by it by (1 - (P / (P ))), or / (P N), so that in the case of distribution events in the set by the in the training set, it 0, in the consistency, it will 1. This thus the thus an the benefit of the rule a assignmentto the positive class. It also allows the possibility a less than the guess the distribution has a benefit. normalization term, the consistency of arule R, or briefly consig(R), as:consig(R) = (( / (p n)) — ( / (P N))) * (P + ) / N Measuring Description QualityIn a one assume the of maximizing both compl(R), the consig(R). Clearly, a rule with both higher compl(R) consig(R) is more desirable than one with lower values. Arule with to 0 is worthless. It thatto 1 both of these components maximum (have value 1), and 0 when either is equal to 0.

to such a be to acompl(R) Such a formula, not allow one to these in applications. this flexibility, a weight, , as the of the to borne by the completeness condition. Thus, the final of , ) with weight , or ), if the rule R is implied, is:Q(R, ) = compl(R) * consig(R)(1 - )p / , consig(R) / p + — / (P + ))) * (P + ) / . one the the gain to a given problem. The satisfies all of a rule function given by Piatetsky-Shapiro (1991): The rule be 0 if the distribution in the by the rule is same as in the set. Note that ) 0when p / (p + ) = P / (P + ), assuming < 1. All other things being an in the the of the rule.Note that Q(R,) increases monotonically with All other things being the of the the ratio of in the to or total positive that ) monotonically as (P - p) increases, when P + and p remain constant.important in utility is its , in terms of the of to it the given This with ) in a LEF to description utility.5Empirical Comparison of RuleEvaluation Methodsto a of how the Q(w) rule to those by other in learning systems, we a of on In the the )(0, 0.25. 0.5, 0.75, 1), information gain (Section 3), the (Baim, 1982; 1997), the in the CN2 (Clark Niblett, 1989), 1994), RIPPER above, the information gain byrule, the as a whole. Like the information gain criterion, to the quality of attributes, but be rule information criterion. In this context, the is onthe following expressions (which assume that > M = max( - , - ) Assign to the value if - > - , Nif - - nPROMISE returns a of / P) + / ) - 1 �1� is a normalization factor to assure that all values the range 0 to 1). is on the positive P - > - ), PROMISE a of PROMISE is not a useful of rule positive significantly outnumber negative ones. Note also that when = and ,the PROMISE value reduces to ( / ) + (( - ) / ) — which is equal to ( / ) + (( - ) / ) — 1, or: ( - ) /PCN2 (Clark Niblett, 1989) builds rules using a as the on which it partially In the of two classes, selects a rule that minimizes the expression:p /(p+n)) log2(p /(p+n)) + (n /(p+n)) log2(n /(p+nThis involves only the / p + ); it not involve any component. Thus, a rule that 50 positive 5is of to rule that 50,000 positive 5000 examples. Although the CN2 has a form than the gain component ), CN2�s rule be to be to only). in the A later version of CN2 (Clark and Boswell, 1991) aa This is closely to a while completeness still plays a minimal role.1994) is:

+ - ) / ( +)RIPPER (Cohen, 1995) uses a slight of - ) / ( + )Since constant a given problem, a by IREP will also be byRIPPER. Thus, these two the show RIPPER�s rankings below. One also notice thatRIPPER function a the half of the PROMISE Thus, in such the RIPPER ranking is same as PROMISE Ranking. in the below that , the two these on consisting of 1000 training examples. A has positive 80% examples, has positive examples, C has positive 20% of examples. In rules with levels using the following Information Gain, PROMISE, the original CN2 method, RIPPER, Q(0), Q(.25), Q(.5), Q(.75), Results shown in 1. The leftmost columnthe the next two give the numbers class by a hypothetical rule, the remaining columns list the evaluations onthe of the rules by the various methods, 1the best rules 7 the There is, of course, no one answer which is superior. It be that bymodifying the Q weights, one can tailor the rule Table 1. Rule Evaluations by Different MethodsData Q(0) Q(.25) Q(.5) Q(.75)VRVRVRVRVRVRVRVRVRA505.107.247.444.057.894.657.477.347.256500.126.25601.05611.716.56.356.256200 2005.691.991.172.201.972.981.991.99111 15010.392.742.343.142.923.882.832.792.75215030.333.713.656.123.796783.773.763.75280010015.215.485.565.095.845.744.654.575.5512025.244.574.667.104.787.735.695.644.64B505.037.097.443.057.823.487.297.177.1725025.216.455.443.235.823.725.645.575.5550050050.761.91.443.451.823.861.911.95111500150.492.73.787.353.547.636.734.862112005.215.396.171.206.951.774.626.56.4650040035.443.732.402.372.842.832.822.813.8340055.384.694.536.354.766.773.783.794.83C505.00470—.053.447.553.326.186.116.06725025.0250—.443.235.553.474.415.364.31580050050.0710—.443.451.553.563.581.601.631500150.0160—.787.353< 07< 07< 07< 07.6312005.0530—.171.206.881.641.473.345.25620040035.0520—.402.372.62.572.552.522.5340055.0240—.536.354.46.425.444.473.53

VR Implementation of the )Method in AQ18The AQ18 system (Michalski, 1999) or �noisy� the rule with the highest rank on the LEF criterion, the or which only fully consistentTo implement the �noisy� the has in two amulti-step rule growing process in the best set of for the next step of rule specialization, the completion of the termination), in the best rule is submitted output. may a Q(w) weight the to use, AQ18 will apply a weight of 0.5 During star AQ18 uses a to the of a byapplications of the rule (Michalski, 1983). In the the system the Q(w) of rules operation; rules with Q(w) than that of the (the rule from which they all stemming from a given rule, the rule functionally In to up the star the a time-out on the process. If after a given number of has no improvement in rule ), the system the of quality, and terminates the extension process, thus In the star termination step (i.e., the last in ways to determine if the resulting rules a higher )value. This optimization may inconsistency, but makes possible that a may initially higher ones if it The best resulting is output through the normal LEF process.In the of attempting to improve a rule, applies a hill-climbing method. It the rule bythe in of its conditions, then the rule among those generalizations, until no generalization improvement. For with attributes, the only generalization rule is condition dropping. For conditions with linear interval, cyclic, or continuous), the system the the or closing rules. For with attributes, the system applies the operator (Michalski, 1983).Table 2. Effects of different generalization operators on the base rule: = red v blue] & [ = 2 v 5] & [ = dog v lion v bat]Generalization RuleResulting Rule = 2..4 v 8] & [ = dog v lion v bat][(applies to linear attributes only)[ = red v blue] & [ = 2..6 v 8] & [ = dog v lion v bat]Closing interval(applies to linear attributes only)[ = red v blue] & [ = 2..8] & [ = dog v lion v bat][ = red v blue] & [ = 2..4 v 8]

[ = red v blue] & [ = 2..4 v 8] & [ = mammal]application of these rules to the rule v blue] & = 2..4 v 8]& [ v lion v bat] 2. In the rule, is a attribute, is a attribute, lengthis a linear attribute.7 Summaryof gain, a integrating it with into a flexible of rule quality. Q(w) be to that weigh the two Experiments have shown that by varying the one obtain of rule quality, the Q(w) not to be as a single but be as one multiple in the functional (LEF). Through a LEF, one may thus optimizeto many A topic involves the of rule simplicity its into a simplicity measure.The Q(w) has in AQ18 the star star termination rules a In to inconsistency, the AQ18 also a mechanism rulesets without the computational of then truncating rulesets Michalski, 1999). Such rulesets have the of containing many spurious rules.a mechanism useful data mining applications, in which AQ18 as noise. Suchin rules with higher completeness, at a small cost to consistency, The authors thank Qi Zhang his comments criticism on the in versions of This was in the at University. The activities supported in part by the National Science No. IIS-9904078 IRI-9510644, in part by Projects No. F49620-95-1-0462 by the Air of Scientific in part by the Baim, P.W., Method for Selecting Relevant Attributes for Inductive Learning Systems. No. UIUCDCS-F-82-898. Department of Computer University of Illinois, Urbana (1982).Bergadano, F., Matwin S., Michalski, R.S. Zhang, Learning Descriptions of Flexible Concepts: ThePOSEJDON System. Machine Learning 8, (1992) 5-43.Bruha, I, Quality of Decision Rules: Definitions andClassification Schemes for Multiple Rules, in G. Taylor, C.C. (eds.) Machine Learning The , York: John Wiley Sons., Inc. Clark, P. Boswell, R. Induction with CN2: Recent Improvements. in Kodratoff, Y. (ed.), Proceedings the Fifth European Working Session on Learning ,Berlin: Springer-Verlag (1991) 151-163.Clark, P. Niblett, T. Induction Machine Learning 3 (1989) 261-283.Cohen, W. Fast Effective Induction. Proceedings of 12th International Conference on Machine Learning (1995).F�rnkranz, J. Widmer, G. Incremental ErrorPruning. Proceedings of the 11th International Conference Machine Learning (1994).Methodology Integrated for Knowledge Discovery in Databases. Ph.D. George Mason University, Fairfax, VA (1997).Kaufman, K.A. Michalski, R.S. Learning in Inconsistent World: Selection in AQ18. Reports of Machine Learning Inference . George Mason University, Fairfax, VA (1999).Michalski, R.S. Theory Methodology of Learning. In: Michalski, R.S. Carbonell, J.G., Mitchell,

(eds.), Machine Learning: An Artificial . Tioga Publishing, Palo Alto, CA (1983) 83-129.Michalski, R.S. Theory andMethodology of the STAR Approach to Machine Learning andData Mining. Reports of the Machine Learning . George Mason University (1999).Piatetsky-Shapiro, G. Discovery, Analysis, of Strong Rules. In: Piatetsky-Shapiro, G., Frawley, (eds.): Knowledge Discovery in . Menlo Park, CA, (1991) 229-248.Quinlan, J.R. Induction of Decision Trees. Machine 1 (1986) 81-106.