AbstractWe explore algorithms for learning classificationprocedures that attempt to minimize the cost ofmisclassifying examples. First, we considerinductive learning of classification rules. TheReduced Cost Ordering algorithm, a newmethod for creating a decision list (i.e., anordered set of rules) is described and comparedto a variety of inductive learning approaches.Next, we describe approaches that attempt tominimize costs while avoiding overfitting, andintroduce the Clause Prefix method for pruningdecision lists. Finally, we consider reducingmisclassification costs when a prior domaintheory is available. 1 INTRODUCTIONMany learning programs create procedures (e.g., decisiontrees (e.g., Quinlan, 1986) or rules (e.g., Clark andNiblett, 1989)) whose goal is to minimize the number oferrors made when predicting the classification of unseenexamples. Here, we investigate approaches to learning orrevising classification procedures that attempt to reducethe cost of misclassified examples rather than the numberof misclassified examples. The general idea is that inmany problems, the cost of all errors is not equal. Rather,the cost of making an error can depend upon both thepredicted class of the example and the actual class of anexample. In this paper, we introduce three algorithms thatwe have developed to minimize classification costs: theReduced Cost Ordering for creating decision lists, theClause Prefix method for avoiding overfitting in decisionlists, and a greedy method for revising numericparameters in a rule based expert system.This research was motivated by a problem of learning totroubleshoot a telephone network using a hypotheticalcost data set provided by NYNEX (the primary localphone company for New York and New England). Thetraining data contains information on the type ofswitching equipment, and various voltages and resistancemeasurements. The task is to predict the location towhich a repairman should be dispatched (e.g., theproblem is in the customer�s wiring (PDO), the cablefacilities (PDF), or the central office (PDI)). In addition,an example may be classified as a PDT in which someadditional testing must be performed. NYNEX hasimplemented a rule-based expert system, MAX(Rabinowitz, et al., 1991) that is used to determine thelocation of a malfunction for customer-reported telephonetroubles. Like all expert systems, MAX requiresoccasional maintenance to its knowledge base. Inaddition, MAX is used at many different sites in NewYork and New England and there are small differences inhow examples should be classified at each site. Thedesigners of MAX have facilitated this customization byhaving a set of numeric parameters (e.g., indicating whena voltage is too high) that are set at each site or adjustedperiodically to improve its performance. The rule basefor MAX can serve as an important source of domainknowledge for knowledge-intensive learning programs bybiasing the learning process. The training and test datafor the learning programs are examples that have beenprocessed by MAX. The classification of the examples isdetermined by the technician who actually solved theproblem in the field. However, this classification issubject to a variety of errors (Danyluk & Provost, 1993)that necessitate the use of methods to avoid overfitting thedata.In the telephone network troubleshooting problem someof the classes are easier (i.e., less expensive) to attempt torepair than others. Mistaking a simple repair for a morecomplex one can be quite expensive (e.g., by dispatchinga repairperson to the wrong location and incorrectlyreplacing an expensive functional component) comparedto mistaking a complex repair for a simple one. Anadditional complexity arises because some repairs aresimilar, so that mistaking one expensive repair for anothermay not be very expensive (e.g., if both repairs involvedispatching a repairperson to the same location). Afterthe methods were developed for this problem, we alsoevaluated them on several problems from the UCIRepository of Machine Learning Databases such as thediagnosis of heart diseases, the diagnosis of diabetes, andthe identification of poisonous mushrooms.Reducing Misclassification Costs Michael Pazzani, Christopher Merz, Patrick MurphyKamal Ali, Timothy Hume and Clifford BrunkDepartment of Information and Computer ScienceUniversity of California, IrvineIrvine, CA 92717{pazzani, cmerz, pmurphy, ali, hume, brunk}@ics.uci.edu

In the remainder of this paper, we first introduce somepreliminary definitions related to the cost ofmisclassifying an example. Next we discuss inductivelearning in the context of minimizing misclassificationcosts. Then, we describe methods for avoidingoverfitting. Next, we discuss reducing misclassificationcosts in a special purpose �theory revision� system forrevising numeric parameter values in an expert system fortroubleshooting a telephone network. Then, we describereducing misclassification costs in FOCL, a generalpurpose knowledge-intensive learning system.2 DEFINITIONSA classifier is typically evaluated by estimating its errorrate from a sample of test data by finding the proportionof examples that are incorrectly classified. We willevaluate classifiers by looking at the cost of the errorsmade. The cost of misclassifying an example will be afunction of the predicted class and the actual class. Wewill represent this function as a cost matrix, cost(actual-class, predicted-class). The cost matrix will be anadditional input to the learning programs and will also beused to evaluate the ability of the learned procedure toreduce misclassification costs. Table 1 shows the costmatrix that we will use for the telephone networktroubleshooting problem. Table 1 also contains a costmatrix we will use for the Detrano heart disease database. This database has 5 classes, H (healthy), S1 (slightly ill),S2 (moderately ill), S3 (very ill) and S4 (extremely ill).This cost matrix reflects our intuition that it is more costlyto underestimate how ill someone is than to overestimate,and that it less costly to be slightly wrong than verywrong. For the diagnosis of diabetes (a two classproblem), mistaking a healthy patient for one withdiabetes had a cost of 1 and the cost of mistaking a patientwith diabetes for a healthy patient had a cost of 2. For themushroom classification problem, another two classproblem, mistaking a poisonous mushroom for an edibleone had a cost of 10, while mistaking an edible mushroomfor a poisonous one had a cost of 1.Note that costs may have any units. In the telephonetroubleshooting problem, costs represent dollars expended(although the cost matrix shown in Table 1 that we usedoes not contain the actual costs which are proprietary).In the heart disease case, the costs represent theimportance of avoiding each type of error. Error may beviewed as a special case of cost by defining a cost matrixthat is 0 along the diagonal (when actual-class(i) =predicted-class(i)) and 1 otherwise. We�ll call such a costmatrix a uniform cost matrix. We�ll define a metric,average error per example that we�ll use to evaluatelearners: We�d like to distinguish a cost matrix from what we�llcall a cost vector that has been used in some previouslearning research (Miyauchi & Rendell, 1992; Provost &Buchanan, 1992; Provost, 1994; Tcheng, Lambert, Lu &Rendell, 1989) which has incorporated cost into theinductive learning process. With a cost vector, the costof misclassifying an example depends on either the actualclass of the example or the predicted class but not both. A simple algorithm for predicting classes might guess themost frequently occurring class in the training data. Ananalogous method, guessing the least expected cost class, minimizes the average cost of guessing class c on alltraining examples:Clearly, if a learning algorithm is intended to reduce thecost of misclassification, we�d like it to have a loweraverage cost than simply guessing the least expected costclass. In addition, some of the learning and pruningmethods proposed will identify the least expected costclass of a set of training examples. For example, inpruning a decision tree, the class label associated with anode will be the least expected cost class of the examplesat that node.3INDUCTIVE LEARNING WITHMISCLASSIFICATION COSTSWe consider three alternative approaches to makinginductive learners sensitive to misclassification costs.First, we investigate alternative heuristic evaluationfunctions for decision tree learners. Next, we look atlearners that predict the probabilities that examplesbelong to each class. Given this information, a simpleapplication of statistical decision theory (e.g., Berger,PDTPDIPDOPDFPDT0126142173PDI 1220156187PDO1351530200PDF1601781940HS1S2S3S4H01234S120123S242012S364201S486420Table 1. (Upper). A hypothetical cost matrix for theNYNEX telephone network troubleshooting problem.The rows are actual classes and the columns are predictedclasses. For example, the cost of predicting class PDTwhen the example actually belongs to class PDI is 122.(Lower) A cost matrix for the Detrano heart diseasedatabase.cost(actual-class(i), c)�iNNaverage-cost = cost(actual-class(i), predicted-class(i))�iNN

1980) can be used to assign an example to the class withthe least expected cost of an error. Finally, weinvestigate algorithms that given an unordered set ofrules, produce an ordered decision list and select the orderof the rules in an attempt to minimize classification errors. 3.1 SELECTING TESTS IN A DECISION TREEBrieman et al. (1984) advocate two methods forincorporating costs into the test selection process of adecision tree. One method, referred to as variablemisclassification costs, does not work unless there aremore than two classes. Here, we evaluate the alteredpriors method which works with any number of classes.See Section 4.4.3 of Brieman et al. (1984) for details onthis method. Briefly, it operates by replacing the term forthe prior probability (p(j)) that an example belongs toclass j with an altered probability p’(j): where To our knowledge, this metric has not been subject torigorous experimentation. We compared learningdecision trees using the GINI criterion with and withoutthe altered priors methods. We compared the twomethods on the telephone troubleshooting problem(learning on 600 examples and testing on 400), the PimaIndians diabetes database (training on 440 examples andtesting on the remainder), the mushroom database(training on 500 and testing on 500) and the DetranoHeart Disease database (training on 200 and testing on thereminder). The results are summarized in Table 2. Weran 50 trials of each algorithm to obtain the mean cost andaccuracy. The altered priors method differs little fromusing the unaltered priors and in one case (mushrooms) itsignificantly increases the cost of errors (at the 0.05 levelusing a paired, two-tailed t-test). One possibleexplanation for the poor results is that this methodrequires converting a cost matrix cost(j,i) to a cost vectorC(j) resulting in a single quantity to represent theimportance of avoiding a particular type of error.Accurately performing this conversion is nontrivial sinceit depends both on the frequency of examples of eachclass as well as the frequency that an example of one classmight be mistaken for another. We also looked at the obvious method of using the cost ofmisclassification as a test selection metric. For eachpossible test, the partitions of the training data made bythat test are found. For each partition, the class thatminimizes misclassification costs is found, and the cost ofthe errors of the partition is computed. The test thatminimizes the sum of the costs of all partitions is selected.We compared the accuracy and misclassification cost ofselecting tests using this approach, which we callCost-Minimization to the information gain metric of ID3. For a control, we also ran an analogous approach with auniform cost matrix. We call this approachError-Minimization in Table 2. The results ofexperiments run in the same manner as those describedpreviously indicate that selecting tests in a greedy fashionin an attempt to minimize costs does not have the desiredeffect of minimizing cost when compared to standarddecision tree induction methods. Note that selecting teststo minimize error does not perform as well at minimizingerror as selecting tests to maximize information gain.Adding weights to reflect costs does not appear to changethis fact. Both minimizing error and minimizing costsmay fail as selection criteria since they solely attempt tofit the data, without attempting to minimize thecomplexity of the learned concept. In all cases, theinformation gain metric produced more compact treesthan the Error-Minimization and Cost-Minimizationmethods.3.2 ESTIMATING CLASS PROBABILITIESBayesian classifiers (e.g., Duda & Hart, 1973) estimatethe probability that an example belongs to each class.Similarly, a decision tree can also produce an estimate ofthe probability that an example belongs to each classgiven that it is classified by a particular leaf by examiningthe classes of the training examples at the leaf. Here, weuse a Laplace estimate of the probability of a class given aleaf. If there are Ni examples of class i at a leaf and kclasses, then the probability that an example at the leaf isa member of class i is given by:For example, if there are 2 examples of class H, 7examples of class S1, 1 example of S2, and 0 examples ofclasses S3 and S4 at a leaf of a tree to predict heartdisease, the Laplace estimate of the probability that anexample classified at that leaf should be assigned to thevarious class is 3/15 for H, 8/15 for S1, 2/15 for S2, 1/15for S3 and 1/15 for S4. Typically, an example is assignedto the class with the lowest expected error. Given theseprobabilities, it is straightforward to compute the expectedcost of an error if an example were assigned to each class,(e.g., by using the values in Table 1, the expected cost ofpredicting class S2 is 4*3/15 + 2*8/15 + 1*1/15 +2*1/15). An example is assigned to the class with theleast expected error. This strategy has an advantage overthe approaches of changing the decision tree metrics toreflect costs in that the cost matrix does not effect thelearned concept description so that a different cost matrixmay be used for different test examples (e.g., not allpatients would place the same cost on various potentialoutcomes of a risky medical treatment).Table 2 also presents the results of learning withprobabilistic classifiers. Bayes-Error is the standardBayesian classifier while Bayes-Cost assigns an exampleto the least expected cost class as a function of theprobability estimates returned by the classifier. Thedecision tree algorithm described in this section is calledp(class = i) = Ni+1k +Nj�jkC(j)=cost(j,i)�ip’(j)=C(j)p(j)C(i)p(i)�i

�I-gain (Cost-Laplace Prob)� in Table 2 since it usesinformation gain to build trees, and minimizes costs byusing a Laplace estimate of the probability of a classgiven a leaf. With the exception of variants of theReduced Cost Ordering algorithm on the diabetesdatabase, the Bayes-Cost algorithm has costs that aremuch lower than the other algorithms tried on the heartdisease and diabetes databases (p < .05 level using pairedtwo-tailed t-tests). However, on the mushroom andtelephone troubleshooting data, its costs are considerablyhigher than the other algorithms. It appears that when theBayesian classifier is accurate (perhaps when the data donot violate the independence assumption and there arefew irrelevant features), it does very well at minimizingcosts, but when it is not accurate (perhaps due to featureinteraction and irrelevant features), it does not performwell at minimizing costs. In contrast, estimating classprobabilities with the decision tree learner does notsignificantly reduce error compared to a standard decisiontree learner, suggesting that the Laplace probabilities of aclass given a leaf are not very accurate, since they tend tobe based on a few examples.3.3 DECISION LISTSOne objective of this research was to minimize themisclassification costs of FOCL, a knowledge-intensiverule learning program that has been applied to theNYNEX MAX data and knowledge-base. FOCL, likemost inductive logic programming systems, was designedto deal with two-class problems in which it learns clausesto cover the positive examples. At test time, any examplethat does not satisfy a learned clause is considerednegative. For multi-class problems, FOCL has beenmodified to learn a set of clauses for each class. This isdone by running FOCL once for each class, treating theexamples of that class as positive examples and theexamples of all other classes as negative examples. Thisresults in a set of clauses for each class. A policy must bechosen to deal with the situation in which clauses of morethan one class are satisfied by a test example and when noclause is satisfied by a test example. In our previouswork, (Pazzani & Brunk, 1993) we created a decision list(i.e., an ordered set of clauses) using a fixed ordering ofclasses and a default class provided by a domain expert.The classes were ordered so that the rules of classes withthe least expensive average errors are checked first.Provost and Buchanan (1992) call this the better safe thansorry strategy. Attempts to change the evaluationfunction of FOCL in an analogous manner to theevaluation function of the decision tree learners alsofailed to reduce classification costs. Therefore, weadopted a strategy that would serve as a post-processor toFOCL (or any rule learner such as C4.5 (Quinlan, 1993)or CN2 (Clark & Niblet, 1992)) that selects and orders thelearned rules to minimize misclassification costs. Here,we introduce an algorithm, Reduced Cost OrderingAlgorithmHeart DiseaseDiabetesMushroomTelephoneAccuracy Cost Accuracy CostAccuracy CostAccuracy CostDecision Tree MetricsI-gain.5001.19.702.447.995.043.373105.1GINI.4961.20.695.458.995.044.375104.7GINI (Altered Priors).4921.19.692.476.987.063.375104.6Cost-Minimization.4871.24.668.507.993.050.374104.7Error-Minimization.4571.24.665.494.997.026.374105.0Estimating Class ProbabilitiesBayes-Cost.5440.84.742.370.951.390.299113.6Bayes-Error.5580.92.752.391.937.597.301113.9I-gain (Cost-Laplace Prob).4141.16.697.449.957.062.309103.0Decision List OrderingReduced Cost Ordering.4541.14.684.417.959.153.355101.3Reduced Error Ordering.5311.68.716.504.977.217.408106.7Better Safe Than Sorry.4031.39.676.412.971.155.352105.3PruningRCO+Clause Prefix.5321.04.681.378.966.138.39197.3I-gain+RCP.4681.20.696.419.981.101.375103.0I-gain+REP.5141.26.717.449.984.130.385103.5I-gain+RCP (Full Training).4931.08.718.398.986.096.40797.7Guessing a Single ClassMost Frequent Class.5411.89.650.700.5284.720.393105.4Least Expected Cost Class.1791.51.350.650.472.528.393105.4Table 2. Accuracy and Cost of Inductive Learning Algorithms

(RCO), that takes as input a set of unordered rules foreach class and produces an ordered decision list that usesa subset of these rules.Table 3 presents an overview of RCO. The algorithminitializes the decision list to a default rule that guessesthe least expected cost class. Next, it iteratively tries toimprove upon the current decision list with an operatorthat replaces the default rule with a new rule and a newdefault rule. The procedure FindBestRule tests theimpact of adding each remaining rule to the end of thecurrent decision list and assigning the examples thatmatch no rule to the least expected cost class of theunmatched examples. It returns the rule and default classwith the lowest cost. The intuition behind this algorithmis that it favors adding a new rule to the end of the currentdecision list that makes inexpensive errors and thatcorrectly classifies many examples that are currentlyincorrectly classified by the default rule. Since adding anew rule can change the distribution of uncoveredexamples, it also can update the default class. Thecomplexity of the algorithm is O(R2E) where R is thenumber of rules and E is the number of examples sincethe decision list contains at most R rules and determiningwhich rule to add to the decision list is O(RE).Using the same examples to learn the initial pool of rulesand to create the ordered decision list can cause a problemsince the learned rules rarely make errors on the data usedto learn the rules. Therefore, the cost of errors of suchrules would be underestimated. In our experiments, wealways divide the training data into a learning setconsisting of 2/3 of the training data and an ordering setconsisting of the remaining 1/3 of the training data. Thismay be a disadvantage of this algorithm especially onsmall training sets. Table 2 presents the results ofReduced Cost Ordering using FOCL to learn rules. Table2 also includes the results of the Better Safe Than Sorrystrategy, and an algorithm we call Reduced ErrorOrdering which is RCO with a uniform cost matrix in anattempt to minimize error. The RCO algorithm hasequivalent or lower cost than the other the decision listpolicies on these databases and is lower than any of thedecision tree variants described in Section 3.1 except onthe mushroom database. Decision tree learners have anadvantage over rule learners on the mushroom database,because there is one multi-valued feature that is verypredictive on this problem. Decision trees can takeadvantage of this property to learn a single multi-valuedsplit, while rule learners typically require many rules torepresent this information.Comparing Reduced Cost Ordering to Reduced ErrorOrdering clearly illustrates the tradeoff betweenminimizing error and minimizing the cost of errors. Oneach database, Reduced Cost Ordering results insignificantly lower misclassification costs than ReducedError Ordering, and it also has significantly loweraccuracy. It achieves lower misclassification costs byallowing more inexpensive errors to occur in expectationthat fewer expensive errors will occur.Given:Pool- an ordered set of rules of the form (classi, conjunctioni)CostMatrix- cost of misclassifying examples of Classi as ClassjExamples- a set of classified examplesProduceDecisionList- an ordered decision listDecisionList = ()DefaultClass = LeastExpectedCostClass(Examples, CostMatrix)LowestCostSofar = Cost(Examples, CostMatrix, DefaultClass)Remaining Examples = ExamplesAddRules: FindBestRule(RemainingExamples, CostMatrix, Pool, NewRule, NewDefaultClass) Add NewRule and NewDefaultClass to end of DecisionList NewCost = Cost(Examples, CostMatrix, DecisionList)If NewCost < LowestCostSofar then Remove NewRule from Pool Remove examples that satisfy NewRule from Remain Examples DefaultClass = NewDefaultClass Remove NewDefaultClass from DecisionList LowestCostSofar = NewCost GoTo AddRules else Add DefaultClass to the end of DecisionList Return DecisionListTable 3. The procedure for creating an ordered decision list.

4 OVERFITTING AVOIDANCEFOCL attempts to learn clauses that cover every positivetraining example. This strategy might not be the beststrategy on noisy data sets such as the telephonetroubleshooting data because it tends to learn a largenumber of very specific rules. Here we present a new rulepruning algorithm, designed to be used in combinationwith the Reduced Cost Ordering algorithm. First, FOCLis run as before learning a set of clauses for each class.For each clause that is learned, all prefixes of that clauseare found and added to the pool of clauses from which thereduced cost ordering algorithm selects clauses. A clauseprefix is an initial sequence of literals. The clause (ca < 1.0 � thalach ‡ 160 � oldpeak < 1.0), hastwo prefixes: (ca < 1.0) and (ca < 1.0 � thalach ‡ 160). TheReduced Cost Ordering algorithm does not require anychanges to select from a pool of clauses that includes allof the prefixes of the learned clauses. We decided upon using clause prefixes for a variety ofreasons that are likely to be true of any separate-and-conquer inductive rule learner. Due to the way in whichclauses are constructed (by favoring literals that covermany positive and few negative examples), the firstliterals in a clause cover many positive examples, whilethe last literals exclude the remaining negative examplesincluding perhaps those positive examples which due toclassification noise are labeled as negative examples. Ifthere were no noise in the data, the last literals might nothave been added to the clause. It is these last literals thatare not included in some prefixes of a clause. A variety ofpruning algorithms, (e.g., Pagallo & Haussler, 1987;Pazzani & Brunk, 1991; Ali & Pazzani, 1992 Cohen,1993) take advantage of this property. A secondconsideration was efficiency. The number of ruleprefixes is, of course, linear in the number of literals inthe clause, while some alternatives, such as all subsets ofthe clause are exponential. In the telephonetroubleshooting problem, it is not uncommon to have 12literals in a clause. Adding all prefixes of the learnedclauses increases the complexity of creating a decision listto O(R2L2E) where L is the number of literals per clause(which has an upper bound of E). Finally, deleting literalsonly from the end of clauses is a sufficient (but notnecessary) condition to insure that no literal thatintroduces a new variable is deleted unless all literals thatuse that variable are also deleted.An interesting property of the RCO with Clause Prefixalgorithm is that it can include multiple prefixes of thesame initial clause. This can occur if a more generalclause that makes many mistakes at the beginning of thedecision list makes few mistakes at the end of a decisionlist. Note that the RCO algorithm will never add a morespecific clause to the end of a decision list containing amore general clause, since a more specific clause will notcover any remaining examples.Cohen (1993) presents a rule pruning algorithm related tothe Clause Prefix strategy. There are a few importantdifferences however. Cohen�s algorithm prunes eachclass independently, while ours prunes all classessimultaneously as it builds a decision list. Cohen�salgorithm is intended to be used with a classificationprocedure that resolves conflicts that arise when clausesfrom different classes are satisfied by selecting the clausethat covers the most positive examples of that class.Furthermore, our algorithm can use different prefixes ofthe same rule in a decision list, while Cohen�s does not. Table 2 illustrates the result of using the Clause Prefixstrategy with the Reduced Cost Ordering algorithm. Itsignificantly (p < .05) reduced the cost of mistakes madeby learned rules on the telephone trouble shooting and thediabetes databases when compared to RCO without theClause Prefix strategy. On the other databases, using theClause Prefix strategy had no significant effect.Since decision trees are a common representation formachine learning programs, we also considered adaptingreduced error pruning (REP— Quinlan, 1987), to reducethe cost of misclassification errors. We call the newalgorithm reduced cost pruning (RCP). In reduced costpruning, the training data is divided into a learning set anda pruning set. A decision tree is created on the learning setand is pruned using the pruning set as follows. For eachleaf of the decision tree, the examples from the pruningset that are sorted to that leaf are found, and the leaf isgiven the class label of the least expected cost class ofthose examples. Next, RCP prunes the tree by consideringturning each test node into a leaf node. A test node isconverted to a leaf node if the cost of the least expectedcost class of all pruning examples sorted to the test nodeis less than or equal to the sum of the cost of using thesubtree under that test node to classify the pruningexamples. When a test node is converted to a leaf node, itis given the class label of the least expected cost class ofthe pruning examples at that node. Table 2 contains theresults of RCP and REP on the same databases usinginformation gain to select tests. Although RCPsignificantly (p < .05) reduced the cost of errors on thetelephone troubleshooting and diabetes databases, itsignificantly increases the cost of errors on the mushroomdatabase. One potential reason for the increased error isthat RCP (and REP) require the training data to be furthersubdivided into a learning and pruning set, possiblyreducing the accuracy of the tree learned. In theexperiments reported here with pruning, 30% of thetraining data is used for pruning and 70% of the trainingdata is used for learning. We also considered a variant of RCP that first creates andprunes the trees exactly like RCP. However, it then usesthe entire training set (i.e., both the learning set and thepruning set) to find the least expected cost class of a leaf.The intent of this variant is to provide more data from which to assign the least cost class. This algorithm, called�I-gain+RCP (Full Training)� in Table 2, significantly (p< .05) reduces misclassification costs when compared toRCP on every database.5 KNOWLEDGE INTENSIVE METHODSIn this section, we consider a special purpose system forrevising the numeric parameters of MAX, and applyingFOCL, a general purpose knowledge intensive learner tothis same problem. 5.1ITERATIVE REFINEMENT OF NUMERICPARAMETERSWe have designed a special purpose system for revisingthe numeric parameters of MAX, the expert system usedby NYNEX to dispatch a repair person. Recall thatMAX contains a set of numeric parameters used tocustomize it to specific sites. The parameter revisionsystem for MAX changes the values of these numericparameters to reduce the misclassification costs on a setof training data. It tries adding or subtracting a smallamount from each parameter (2.5% of its value) and assoon as it finds a parameter for which a change reducescost, it makes that change. In addition, if a change has noeffect on cost, it is made with 0.5 probability. If noparameter change results in an improvement, (i.e., a localminimum or plateau in parameter space is reached), ittries making larger changes to the parameter values(incrementing the range by 2.5% each cycle), giving upafter attempting to change parameter values by up to 50%of their value. In addition to the greedy approachdescribed here, we have also tried steepest descent(making only the change that has the most effect on costin each cycle) and simulated annealing approaches tochanging parameters. Neither of these two methodsproduce better results, suggesting that local minima,perhaps caused by interactions between parameters, arenot a problem in this search space. We are currentlyexperimenting with genetic algorithms on this task.We ran experiments in which we started with 3 differentsets of initial parameters and trained and tested on datafrom a single site. The parameters used were:1. The actual parameters used by MAX in the same sitefrom which the training and test data was collected.This tests the ability of theory revision system to finetune MAX in a simulated operational setting. We�llcall this condition the Same Site setting. The initialaccuracy of MAX was .324 and the initial cost ofMAX is 134.2 in this condition. We have access toonly a subset of the MAX knowledge-base and theMAX training and test data that is intended to beprocessed by this subset. The actual MAX accuracy isconsiderably higher than that these figures indicate(Rabinowitz, et al., 1991). 2.Random values were chosen for each parameter from auniform distribution in the range of the actual value ofparameter minus 25% of its value and the actual valueplus 25% of its actual value. This tests the ability totune the system starting with �reasonable� buterroneous parameter settings. We�ll call this conditionthe Random setting. The initial accuracy of MAX was.319 and the cost of MAX was 134.9 in this condition.3.The actual parameters used by MAX at a different sitefrom which the data is collected. We�ll call thiscondition the Different Site setting. This tests theability to customize MAX to a new site, starting withthe parameters of a different site. The initial accuracyof MAX was .322 and the initial cost of MAX was130.6 in this condition.Figure 1 compares the misclassification cost of thealgorithm that changes parameter values to minimize thecost of errors to a related algorithm that attempts toreduce the number of errors (by using a uniform costmatrix). The values plotted are the means of 20 runscomputed using a distinct test set of 554 examples. For each set of parameters, and each number of trainingexamples, we performed a t-test comparing themisclassification cost when minimizing cost to the costof misclassification when minimizing error. In all cases,the minimizing costs had significantly lower costs thanminimizing error (p < .0001). In data not graphed here,the accuracy of the system also significantly increasedfrom the initial accuracy in all conditions.Figure 1. Cost after revising the numeric parameters ofMAX optimizing with respect to the cost matrix fromTable 1 (C) with solid plot symbols and a uniform cost4003002001000110120130140

Same Site (U)

Random (U) Different Site (U)

Same Site (C)

Random (C) Different Site (C)Number of examples

Misclassification Cost

5.2COMBINING EXPLANATION-BASED ANDINDUCTIVE LEARNINGFOCL (Pazzani & Kibler, 1992) is a general purposerelational learning algorithm that combines inductive andexplanation-based learning. The explanation-based partof FOCL can use the knowledge-base of an expert systemto create rules by operationalizing (Mitchell, Keller &Kedar-Cabelli, 1986) explanations of examples. Theoperationalizations found by explanation-based learningare further generalized by greedily deleting conditionsfrom them if doing so improves the rule. The inductivecomponent can specialize an operationalization if it alsoexplains some negative examples. The inductivecomponent can also create new rules to account forpositive examples that are not correctly classified by theknowledge-base. The decisions of whether to use EBL,generalize operationalizations, specialize operationaliza-tions, or use inductive learning are controlled by aninformation gain metric (Quinlan, 1990) to judge thequality of hypotheses. Unlike the special purpose parameter revision systemdiscussed in the previous section, FOCL does not containany operator for changing numeric constants. Insteadchanging a constant occurs as the result of learning a rulevia operationalization such as Voltage > 17.5 �Resistance > 2400, deleting a condition to produceVoltage > 17.5 and adding a condition with inductionto create Voltage > 17.5 � Resistance > 2500. Ofcourse, nothing prevents FOCL from adding a conditioninvolving a different feature, such as Voltage > 17.5 �Type-of-service = PBX. This additional degree offreedom, together with the ability to learn entirely newrules gives FOCL a different sort of bias. FOCL is not asconstrained by the existing knowledge-base but only usesthose parts of it that are useful as determined by the factthat they have more information gain than rules learnedvia induction alone.We ran an experiment is which we compared FOCL witha domain theory to FOCL without a domain theory atminimizing the cost of misclassifying examples. In bothconditions, the Reduced Cost Ordering algorithm wasused in an attempt to minimize misclassification costs.The partial MAX knowledge-base was used as a domaintheory with parameters from the same site as the trainingand test data. We ran 20 trials under each condition usingtraining sets of 100, 200 and 400 examples and testing on300 examples. Figure 2 graphs the cost of misclassifyingexamples under these conditions. Paired t-tests indicatethat using the domain theory significantly decreases thecost of misclassifying the examples (p < .05) with 200and 400 training examples. Using the domain theory onlysignificantly improved the accuracy of the learned ruleswith 200 examples in this experiment. The cost resultsare substantially better than that of iterative refinementapproach to numeric parameter testing. This resultindicates that the partial MAX knowledge base can beimproved by adding and deleting rules as well as byrevising the existing numeric parameters.We have also ran experiments in which the partialNYNEX MAX domain theory was used together with theClause Prefix overfitting avoidance strategy. In theseexperiments, there was no significant difference betweenusing the overfitting avoidance strategy and not using it.6 CONCLUSIONSSome of the modifications we tried on decision tree anddecision list learners with the intention of reducing thecosts of misclassification errors actually had the effect ofincreasing the cost. Before drawing any conclusions fromthe data we have presented so far, we�d also like tomention a few modifications that did not reduce costs inexperiments not reported here:¥Ordering rules by an estimate of the cost and benefitof the rule. It�s clear that the cost of the errors madeby a rule can be estimated by using a set ofexamples that are distinct from the training data usedto learn the rule. Although we�d also like to favorrules that correctly classify many examples, it�s notclear how to trade off these factors in a principledway. One approach that did not work was to orderthe rules by the benefit—cost, where benefit isdefined as the number of examples correctlyclassified multiplied by some constant representingthe importance of correctly classifying examples ofthat class. To determine the importance of a class,we estimate the cost of assigning an example of thatclass to each class with a probability equal to therelative frequency of examples of that class:Figure 2. The cost of misclassifying examples in40030020010099100101102103104105106

FOCL without Max Rule Base

FOCL with MAX Rule Base LeastCostClassNumber of Examples

Average Cost where j is the class of a rule, there are N totalexamples and Ni examples of class i.¥Ordering rules by a weighted Laplace estimate of therules� accuracy on the training data. As with theprevious approach the weight for the examplescorrectly classified by the rule is given by theimportance of the class of the rule, while the weightfor examples incorrectly matched is given by thecost of mistaking examples whose true class is i forexamples of class j: where the rule for class j matches the ni examplesof class i. Using a Laplace estimate of accuracy(without the weights) performs as well atminimizing error as using Reduced Error Ordering.However, adding the weights to reflect the cost ofmaking errors and the importance of coveringexamples did not achieve the desired goals.Comparing the cases in which we were successful inreducing the costs of misclassification errors (theReduced Cost Ordering algorithm and the iterativeimprovement parameter adjusting algorithm) to the casesthat we have shown experimentally not to reduce the costof learning, we find that the successful approaches haveone feature in common: they estimate the global cost ofthe current hypothesis, and then estimate the global costof possible revision or extension to that hypothesis. Incontrast, those approaches that did not reduce costsattempt to evaluate the desirability of a local decision,without considering how that decision might interact withfuture decisions that must be made. In the case of the twoalternative decision list ordering algorithms discussed inthis section, the cost of a single rule is estimated withouttaking into account how examples not matched by thatrule might be classified. In the case of the decision treemetrics, particularly using misclassification costs directlyas a test selection heuristic, the true misclassification costof a test will depend upon the additional tests that arecreated as subtrees to that node. AcknowledgementsThe research reported here was supported in part byNYNEX, NSF grant IRI-9310413, ARPA grantF49620-92-J-0430, and AFOSR AASERT grantF49620-93-1-0569. We�d like to thank Dennis Kibler andthe other members of the machine learning group at UCIwho have commented on this paper. In addition,comments by Andrea Danyluk, Thomas Fawcett, andFoster Provost are gratefully acknowledged. Finally,we�d like to thank Pat Langley for providing the code forthe Bayesian classifier.References Ali, K. & Pazzani ,M. (1992). Reducing the smalldisjuncts problem by learning probabilistic conceptdescriptions. CLNL.Berger, J. (1980) Statistical Decision Theory. Springer-Verlag: NYBreiman, L., Friedman, J., Olshen, R., & Stone, C.(1984). Classification and regression trees.Wadsworth: Belmont, CA.Clark, P. & Niblett, T. (1989). The CN2 inductionalgorithm. Machine Learning, 3, 261-284.Cohen, W. (1993). Efficient pruning methods forseparate-and-conquer rule learning systems, IJCAI pp988-994.Danyluk, A. & Provost, F. (1993). Small disjuncts inaction: Learning to diagnose errors in the telephonenetwork local loop. Machine Learning Conference, pp81-88.Duda, R. & Hart, P. (1973). Pattern classification andscene analysis. New York: John Wiley & Sons.Mitchell, T., Keller, R., & Kedar-Cabelli, S. (1986).Explanation-based learning: A unifying view.Machine Learning, 1, 47—80.Miyauchi, R. & Rendell, L. (1991). Inductivelearning with COBLER. University of Illinois TechReport.Pagallo, G., & Haussler, D. (1990). Boolean FeatureDiscovery in Empirical Learning. Machine Learning,5, 71—99.Pazzani, M. & Brunk, C. (1993). Finding accuratefrontiers: A knowledge-intensive approach torelational learning. The National Conference onArtificial Intelligence (pp. 328-334). Washington,D.C: AAAI Press.Pazzani, M., & Kibler, D. (1992). The role of priorknowledge in inductive learning. Machine Learning,9, 54-97.Provost, F & Buchanan, B. (1991). Inductive Policy.AAAI pp. 255-261.Provost, F. (1994). Goal-directed inductive learning:Trading off accuracy for reduced error cost. AAAISpring Symposium on Goal-Drive Learning.Quinlan, J.R. (1986). Induction of decision trees. Ma-chine Learning, 1, 81—106.Quinlan, J.R. (1987). Simplifying decision trees.International Journal of Man-Machine Studies, 27,221-234.Quinlan, J.R. (1990). Learning logical definitions fromrelations. Machine Learning, 5, 239—266.Quinlan, J.R. (1992). C4.5: Programs for MachineLearning. San Mateo, CA: Morgan Kaufmann.Rabinowitz, H., Flamholz, J., Wolin, E.,& Euchner, J.(1991). Nynex MAX: A telephone trouble screeningexpert system. In R. Smith & C. Scott (Ed.) Innovativeapplications of artificial intelligence, 3, 213—230.Tcheng, D., Lambert, B., Lu, S. & Rendell, L. (1989).Building robust learning systems by combininginduction and optimization. IJCAI pp 806-812.importance(nj+1)importance(nj+1) +ni+1�i„jCost(i,j) importance(j)=�iCost(i,j)NiN