INSTANCE-BASED LEARNING:Nearest Neighbourwith GeneralisationA thesissubmitted to theDepartment of Computer Sciencein partial fulfilmentof the requirements for the degree ofMaster of SciencebyBrent MartinDepartment of Computer ScienceUniversity of WaikatoHamilton, New ZealandMarch, 1995' Brent Martin, 1995 iiAbstractInstance-based learning is a machine learning method that classifies new examples bycomparing them to those already seen and in memory. There are two types ofinstance-based learning; nearest neighbour and case-based reasoning. Of these twomethods, nearest neighbour fell into disfavour during the 1980s, but regainedpopularity recently due to its simplicity and ease of implementation.Nearest neighbour learning is not without problems. It is difficult to define adistance function that works well for both discrete and continuous attributes. Noiseand irrelevant attributes also pose problems. Finally, the specificity bias adopted byinstance-based learning, while often an advantage, can over-represent small rules atthe expense of more general concepts, leading to a marked decrease in classificationperformance for some domains.Generalised exemplars offer a solution. Examples that share the same class aregrouped together, and so represent large rules more fully. This reduces the role of thedistance function to determining the class when no rule covers the new example,which reduces the number of classification errors that result from inaccuracies of thedistance function, and increases the influence of large rules while still representingsmall ones.This thesis investigates non-nested generalised exemplars as a way of improvingthe performance of nearest neighbour. The method is tested using benchmarkdomains and the results compared with documented results for ungeneralisedexemplars, nested generalised exemplars, rule induction methods and a compositerule induction and nearest neighbour learner. The benefits of generalisation areisolated and the performance improvement measured. The results show that non-nested generalisation of exemplars improves the classification performance of nearestneighbour systems and reduces classification time.

iiiAcknowledgmentsThis research was motivated in part by the desire to further the good work of severalindividuals, Steven Salzberg, David Aha, Rob Holte and Dietrich Wettschereck, all ofwho have provided help over the past year. Grateful thanks must go to my supervisor,Ian Witten, for giving me the freedom to pursue my studies independently whilealways being there when needed, and to my partner, Suky, for her unending toleranceand support. Thank you also to the other machine learning students at the Universityof Waikato, for your valuable assistance and friendship.

ivTable of Contents1 Introduction .............................................................................................................. 11.1 Instance-based learning ............................................................................... 21.2 Generalisation and rule induction ............................................................... 31.3 Generalised instances .................................................................................. 41.4 Thesis contributions and outline ................................................................. 42 Background ............................................................................................................... 62.1 Nearest neighbour ....................................................................................... 62.1.1 The IB family ................................................................................ 72.1.2 KNN .............................................................................................. 102.2 Case-based reasoning .................................................................................. 102.2.1 CYRUS .......................................................................................... 112.2.2 UNIMEM ....................................................................................... 162.2.3 PROTOS ......................................................................................... 182.2.4 Discussion .................................................................................... 212.3 Rule induction ............................................................................................. 222.3.1 ID3 ................................................................................................ 232.3.2 PRISM ........................................................................................... 242.4 Clustering .................................................................................................... 242.5 The problem of small disjuncts ................................................................... 252.5.1 Small disjuncts in decision trees .................................................. 252.5.2 Effect on instance-based learning ................................................ 263 Generalised exemplars ............................................................................................. 283.1 Motivation ................................................................................................... 293.1.1 Classification performance .......................................................... 293.1.2 Rule induction .............................................................................. 293.1.3 Speed ............................................................................................ 303.2 Nested generalised exemplars ..................................................................... 313.3 Non-nested hyperrectangles ........................................................................ 333.3.1 The case for preventing nesting ................................................... 333.3.2 Nesting vs overlap ........................................................................ 363.4 Other generalisation methods ...................................................................... 394 Generalising using non-nested hyperrectangles .................................................... 414.1 Algorithm summary .................................................................................... 414.2 Classifying a new example ......................................................................... 424.3 Exemplar generalisation .............................................................................. 444.3.1 Creating /growing hyperrectangles .............................................. 444.3.2 Preventing overgeneralisation ...................................................... 444.4 The distance function .................................................................................. 454.4.1 Dynamic feature weighting .......................................................... 464.4.2 Exemplar reliability ...................................................................... 49 v4.5 Summary ..................................................................................................... 505 Experiments .............................................................................................................. 525.1 Test method ................................................................................................. 525.2 Test domains ............................................................................................... 545.3 Test results .................................................................................................. 585.3.1 Hypothesis 1: Improved classification performance .................... 585.3.2 Hypothesis 2: Useful rules ........................................................... 615.3.3 Hypothesis 3: Reduced classification time .................................. 635.3.4 Hypothesis 4: Nested vs non-nested hyperrectangles .................. 645.3.5 Improvements to dynamic feedback ............................................ 666 Summary and conclusions ....................................................................................... 686.1 Review ........................................................................................................ 686.2 Conclusions ................................................................................................. 696.2.1 Hypothesis 1: Improved classification performance .................... 696.2.2 Hypothesis 2: Useful rules ........................................................... 706.2.3 Hypothesis 3: Reduced classification time .................................. 706.2.4 Hypothesis 4: Nested vs non-nested hyperrectangles .................. 716.3 Research contributions ................................................................................ 716.4 Future research ............................................................................................ 71References ..................................................................................................................... 73Appendix Dataset acknowledgements ....................................................................... 76 viList of Tables5-1. Test domain details ................................................................................................ 545-2. Waveform-21 performance .................................................................................... 555-3. Waveform-40 performance .................................................................................... 555-4. Cleveland performance .......................................................................................... 565-5. Promoter performance ........................................................................................... 575-6. NNGE vs nearest neighbour .................................................................................... 595-7. NNGE vs CL, IBL, and C4.5 ..................................................................................... 615-8. Coverage of largest rule ......................................................................................... 625-9. Induced rules .......................................................................................................... 635-10. Speedup and compression .................................................................................... 645-11. NNGE vs NGE ....................................................................................................... 655-12. Dynamic feedback performance .......................................................................... 67 viiList of Figures2-1. Enumerable vs non-enumerable memory .............................................................. 122-2. Example of a node and subnodes in CYRUS .......................................................... 132-3. Generalisation on the wrong feature ...................................................................... 142-4. Overspecialisation .................................................................................................. 142-5. CYRUS search strategy ........................................................................................... 162-6. GBM hierarchy of American universities .............................................................. 172-7. PROTOS knowledge structure for class chairs ........................................................ 192-8. Example of a decision tree ..................................................................................... 232-9. Under-representation of large disjuncts ................................................................. 273-1. Exemplar database containing generalised exemplars .......................................... 283-2. Example of a hyperrectangle ................................................................................. 293-3. Nested vs non-nested exemplar representations .................................................... 353-4. Small disjunct within a large rule .......................................................................... 363-5. Three representations of an exception ................................................................... 373-6. Standard vs greedy NGE ......................................................................................... 383-7. Nested vs overlapping exemplars .......................................................................... 393-8. Exemplar generalised by ID3 ................................................................................. 404-1. NNGE algorithm ..................................................................................................... 434-2. Hyperrectangle data structure ................................................................................ 444-3. Splitting a hyperrectangle along a numeric feature ............................................... 464-4. A two-attribute example ........................................................................................ 485-1. Generalised vs non-generalised exemplars ............................................................ 595-2. NNGE and CL vs C4.5 .............................................................................................. 615-3. Dataset coverage by largest rule ............................................................................ 625-4. Speed and compression compared to non-generalised exemplars ......................... 645-5. Classification accuracy of NNGE vs NGE ............................................................... 655-6. Feature weighting improvements for NNGE and NGE ............................................ 67

1 IntroductionThe computer provides the means for storing huge amounts of data in a form thatallows fast random retrieval. In addition to providing a convenient method forrecording past events, this technology opens a new possibility; using historic data toaid in future decisions. Where a doctor once had to rely on his memory of previouscases, he may now search the online history for previously seen examples of aparticular disease, and use the information recorded to suggest treatment for a newpatient. A credit card company, suspicious of a new applicant�s ability to pay theirbills, can recall previous customers with common features in their background to helpdetermine whether or not this customer is likely to default on their payments.Meteorological service providers can look up past instances of similar weatherpatterns to help forecast the next day�s weather.This method of prediction by recall is only feasible if the number of examples inthe database that match the new case is fairly small. A doctor recalling leukemiapatient information will have great difficulty assimilating the relevant cases if thereare more than a few of them that match the current patient, particularly if theycontradict each other. Also, this form of prediction only works if features in thecurrent example exactly match those in the historic cases. Recall is difficult forproblem domains where the information stored is numeric, because the number ofpossible values for each feature is very large, and so exact matches are less likely tooccur.Machine learning addresses this problem by assimilating historic data into aknowledge base that can be used to perform some task in the future. The user presentsthe system with a dataset of past cases, together with a feature that it must learn howto predict. The system then uses this dataset to learn how to classify future examples.A new patient is diagnosed by presenting his particulars to the system, which uses itsknowledge base to predict the diagnosis.Another use for machine learning is summarising data. Given a large quantity ofraw data, machine learning methods such as conceptual clustering group the data intoclumps of examples described by the feature values that they have in common. Adataset generalised in this manner is represented in a much more compact form. Thegeneralised data may be both understandable by people and useable by the computerfor answering high-level questions (Kolodner, 1984).There are many different types of machine learning. Neural networks were anearly approach. Hand-crafted to fit a particular problem, they use numeric functions to

2weight each connection of the network. The user presents new examples to the sysem,causing the weights to alter. The final state of the output nodes determines the result.Although their usefulness is limited due to the difficulty of determining the besttopology for a given problem, much research is still carried out in this area as it isthought that they learn in a similar way to neurons in the human brain (Moorhead etal, 1989).Induction of decision trees is another commonly used technique. C4.5 (Quinlan,1993) is a popular example that is often used as the benchmark for testing theclassification performance of new methods. The decision trees it induces, while notoften intelligible to people, prove to be efficient classifiers. Researchers have testedC4.5 using a wide variety of real data with much success, demonstrating a high degreeof generality. There are many rule-inducing systems that are similar, but generateproduction rules instead of decision trees.Instance-based learning is a more recent development. Psychologists studying theway that people use memory to perform tasks conclude that we often recall pastexperiences to guide us to the solution to new problems (Kolodner, 1984). Instance-based learners do this by determining which case in memory is the most similar to thenew situation. Some are very complex, using many indexes to guide the search for thebest case (Bareiss and Porter, 1988), while others use a metric to measure similarity(Kibler and Aha, 1987). Instance-based learners have the advantage over rule anddecision tree inducing systems that they work well when the target concepts arepoorly represented by the training data.Both induction systems and instance-based methods have strengths andweaknesses. Neither offers excellent performance across the complete spectrum ofproblem domains, although there are problems that each excels at. This thesisexamines the possibility of combining instance-based learning with generalisation.The approach investigated�non-nested generalisation of exemplars�retains thestrengths of instance-based learning, but adds the benefits of partial generalisation ofthe data. The result is a practical method that offers excellent classificationperformance over a wide variety of domains.The remainder of this chapter describes instance-based learning and generalisationin more detail, and summarises how they can be combined.1.1 Instance-based learningInstance-based learners are �lazy� in the sense that they perform little work whenlearning from the dataset, but expend more effort classifying new examples. Thesimplest method, nearest neighbour, performs no work at all when learning; it storesall examples in memory verbatim. Effort is transferred to classification time, when thesystem decides which example in memory to use to classify the new one. Case-based

3reasoning systems perform a small amount of work indexing new cases, resulting in areduction in classification effort. The examples stored in memory are calledexemplars, and are retained in an exemplar database.Instance-based learners receive new examples incrementally, giving them thefreedom to learn over time, and so the set of instances in memory continues to grow.If allowed to continue indefinitely, the exemplar database eventually becomes toolarge to use, either because it exceeds memory capacity, or because the time taken toclassify new examples becomes prohibitively long. It is therefore desirable to prunethe exemplar database.The advantage of instance-based learners is that they are able to learn quicklyfrom a very small dataset. Whereas rule induction methods require a reasonablerepresentation of each rule before they can be induced, an instance-based learner canbegin to make useful predictions from as little as one example per class.Classification performance often exceeds 75% of the maximum possible afteraccepting only 25% of a complete data set. The approach therefore works well whenlimited data is available.Another advantage of instance-based learners is that they work well for numericdata. Not only can they use continuous valued features, they can also predict numeric-valued classes. Induction systems can do this only if they partition the class into asmall number of discrete values, because they try to represent the problem using asmall number of concepts. Instance-based learners retain every example as a separateconcept, and so can represent a larger number of classes.1.2 Generalisation and rule inductionIn contrast, rule induction systems are �eager.� They expend much effort duringlearning, by generalising the input dataset into a small set of decision rules. They thendetermine the class of a new example by testing each rule to see which one the newcase satisfies. Two problems may arise when trying to do this: the new example mayeither satisfy more than one rule, or it may satisfy none. A heuristic is adopted in eachof these situations.Rule induction methods offer two advantages over instance-based learners. First,the evaluation of rules against a new example is computationally less expensive thanthe calculation of a real-valued distance function, and so can be performed morerapidly. Second, the resulting rule set is much smaller than the original dataset. Ruleinduction systems can therefore compress large datasets into a more useable form.Induction systems generalise the input dataset by looking for the features orfeature values that most strongly classify the examples, and producing rules usingthese features. Examples that satisfy each newly induced rule are discarded and theprocess is repeated until no more examples remain. A consequence of this is that the

4system may overlook a rule that covers a small portion of the input dataset because itsexamples also satisfy a larger rule, and so are discarded before the small one isinduced. Section 2.5 examines this problem more fully.1.3 Generalised instancesA major problem of instance-based learners is that classification time increases asmore examples are added to memory. However, assimilating new examples is theonly way to continue the learning process. Methods of pruning the exemplar databasehave been explored, but generally lead to a loss of classification performance (Aha,1992).Generalised exemplars provide an alternative solution to this problem. Rather thanstoring all examples verbatim, examples are merged, reducing the number in memory.As new examples are added, they may either be incorporated into existing generalisedexemplars, or discarded completely if already covered by a generalised exemplar.Growth of the exemplar database is rapid at first, but decreases over time until thesize becomes fairly static, with new examples resulting in minor changes to, ratherthan growth of, the exemplar database. By preventing overgeneralisation, thisreduction in database size should not come at the expense of classificationperformance.Instance-based learners perform well in certain domains, particularly those wherethe training data poorly represents the concepts to be learned. Induction systems, onthe other hand, excel when concepts are strongly represented. Hybrid learners attemptto overcome this problem by applying more than one method. However, it is difficultto know when to apply each one. Generalised exemplars are an alternative way ofcombining induction with instance-based learning in a form that does not diminish thestrengths of each approach. Because exemplar generalisation means that for everynew classification both instance-based learning and rule induction are being applied,the merge of these two methods becomes seamless; in some cases a rule determinesthe class, while in others it comes from the nearest exemplar. Between these twoextremes a partially satisfied rule is the closest exemplar, and so determines the class.Generalising exemplars should therefore improve the performance of instance-basedlearning systems.1.4 Thesis contributions and outlineGeneralised exemplars offer an alternative to hybrid learning systems in the search fora universal learner. Salzberg (1991) introduced the method of �nested generalisedexemplars,� or NGE, and demonstrated its practicality, but investigations into itsperformance suggest that there are problems that need to be addressed (Wettschereckand Dietterich, 1994). This thesis investigates those problems. Specifically, we need

5to find the optimum balance between generality and specificity so that usefulgeneralisation is performed but not at the expense of the benefits of instance-basedlearning.This thesis explores non-nested generalised exemplars, comparing it to othermachine learning methods and highlighting its strengths and weaknesses. Itintroduces NNGE, a new method for exemplar generalisation, as a promising universallearner. It proposes and experimentally evaluates the following four hypotheses.¥Hypothesis 1: Generalised exemplars increase the performance of nearestneighbour systems by improving the representation of large disjuncts;¥Hypothesis 2: Producing exclusive generalised exemplars results in a useful setof rules that may be compared with those produced by other rule inductionmethods;¥Hypothesis 3: Generalised exemplars reduce classification time withoutsacrificing accuracy;¥Hypothesis 4: A learning system using non-nested generalised exemplars showsbetter classification performance than one using nested generalised exemplars.NNGE does not attempt to out-perform all other machine learning classifiers.Rather, it examines generalised exemplars as a method of improving the classificationperformance of instance-based learners. There are many approaches to classification,and it is likely that a combination of several will produce the best results.Furthermore, there are problems with exemplar generalisation that this thesis does nottry to solve. Section 6.4 describes some of these.Chapter Two reports some current methods of machine learning, concentrating oninstance-based learning, which provides the basis for this work. Chapter Threedescribes generalisation of exemplars, detailing work already performed in this areaand discussing problems with the approach. Chapter Four introduces NNGE, a newimplementation of generalised exemplars. Chapter Five reports the experimentsperformed to test the validity of NNGE and to compare its performance with othersystems. Finally, Chapter Six summarises the results of the research and suggestsfuture work.

6 2 BackgroundA major goal of machine learning is the classification of previously unseen examples.Beginning with a set of examples, the system learns how to predict the class of eachbased on its features. The user presents new examples to the system one at a time, andit attempts to classify them. The user then reveals the correct answer. If the predictionof the class of new examples is more accurate than random guessing, the system haslearned how to perform the classification task to some extent.The methods used vary widely. Researchers have investigated neural networksand rule induction techniques for several decades, and there have been many differentmethods devised for performing each. More recently, instance-based learningmethods have emerged as a viable third alternative in the search for a general-purposeclassifier.Instance-based systems learn new concepts by storing past cases in such a waythat new examples can be directly compared with them. On the basis of thiscomparison the system decides the class of the new example. There are two quitedifferent approaches. The first, nearest neighbour, uses a distance function to measurethe difference between the new example and those in memory. The case of the mostsimilar example is then used to classify the new one. The second, case-basedreasoning, is a knowledge-rich approach that uses expert knowledge to link theexamples in memory so that the system can quickly locate, and then search therelevant cases to find the most similar one.2.1 Nearest neighbourNearest neighbour is a method that originated in statistics. It was first considered forrule production by Fix and Hodges (1951), who performed an initial analysis of theproperties of k-nearest neighbour systems, and established the consistency of themethod as k varies from one to infinity. They also numerically evaluated theperformance of k-nearest neighbour for small samples, under the assumptions ofnormal distribution statistics (Fix and Hodges, 1952). It was subsequently adopted asa Bayesian approach to non-parametric classification for two-class problems (Johns,1961), and has been widely used in the field of pattern recognition since 1963 (Kanal,1963).A nearest neighbour learner uses a metric that measures the distance between anew example and a set of exemplars in memory. The new example is then classifiedaccording to the class of its nearest neighbour. A pure nearest neighbour system stores

7all examples in memory verbatim. It then classifies new examples by finding the mostsimilar case in memory and adopting its class. A distance function is used todetermine similarity. For numeric attributes this is usually based on Euclideandistance, where each example is treated as a point in an n-dimensional feature space.It assumes that for a given point in the feature space the surrounding area will sharethe same class. The Euclidean function further assumes that all features are equallyimportant, and so share the same scale in feature space, and that this scale is linearalong each axis.For the Euclidean distance function to work well the examples must be clusteredinto relatively few dense regions in feature space that share a common class.Conversely, if the examples are randomly distributed throughout the feature space,this violates the assumption that nearby regions in feature space classify the same.The Euclidean distance metric then fails, resulting in the same classification asrandom guessing. We would therefore expect a nearest neighbour system using theEuclidean distance function to work well for the same domains as conceptualclustering (Fisher and Schlimmer, 1988). Conceptual clustering is described inSection 2.4.Symbolic features are more problematic as they do not fit the Euclidean feature-space model. To overcome this, similarity between symbolic features is determinedby counting the matching features. This is a much weaker function as there may beseveral concepts based on entirely different features, all of which match the currentexample to the same degree. For domains containing a mixture of numeric andsymbolic features the Euclidean distance function is adopted, with the distancebetween two symbolic values trivialised to zero if the features are the same, and one ifthey are not. This mismatch between Euclidean feature space and symbolic featuresmeans that pure nearest neighbour systems usually perform better in numeric domainsthan in symbolic ones.The following sections describe some nearest neighbour learning systems.2.1.1 The IB familyNearest neighbour methods regained popularity after Kibler and Aha (1987) showedthat the simplest of nearest neighbour models could produce excellent results for avariety of domains. They tested three simple algorithms, named PROXIMITY,GROWTH, and SHRINK. All three used a normalised Euclidean distance function toclassify each new example, with the class being decided according to that of thesingle nearest neighbour.PROXIMITY is a pure nearest neighbour algorithm, retaining all examples andusing an unweighted Euclidean distance function to perform classification. Thissystem gave the best performance of the three. GROWTH accepts examples

8incrementally, and only stores those that the current exemplar database misclassifies.This reduces the number of examples stored by up to 80% with only a small reductionin classification accuracy. SHRINK accepts all exemplars at first, and then weeds outthose that the rest of the database classifies correctly. This algorithm producesimpressive compression of the exemplar database (up to 80%), but at the expense ofclassification accuracy.Kibler and Aha (1987) tested the above algorithms on several benchmarkdomains, and reported very good results for all of them. In particular, GROWTHproduced excellent results for a relatively small final database. However, the resultswere misleading. A later study shows that the choice of domains for the initial studywas fortuitous, and that in general performance of the three algorithms is much poorerthan other classification methods (Aha, 1992). In comparisons with C4.5 (Quinlan,1993), PROXIMITY performs quite well for four domains but very badly for anothertwo, showing that the simple nearest neighbour approach has problems to overcome.A series of improvements was introduced in the algorithms IB1 to IB5, showinghow the standard Euclidean distance metric is inadequate in many domains. The aimof the study was to overcome five objections to nearest neighbour systems (Brieman,Friedman, Olshen and Stone 1984), namely:¥they are expensive due to their large storage requirements;¥they are sensitive to the choice of similarity function;¥they cannot easily work with missing attribute values;¥they cannot easily work with nominal attributes;¥they do not yield concise summaries of concepts.There follows a brief description of each of these experimental systems.IB1: nearest neighbour. IB1 uses a Euclidean distance function that classifiesaccording to the nearest neighbouring example, saving all examples as they areintroduced to it. The only variations from a pure nearest neighbour system such asPROXIMITY are that attribute values are linearly normalised before examples areprocessed, and that missing values are handled by assuming that a missing feature ismaximally different to that feature in all other examples. Like PROXIMITY, IB1performs well in four out of six of the domains tested, and very poorly on the othertwo. These two are characterised by noisy values, missing values, and irrelevantfeatures.IB2: save only misclassified instances. IB2 differs from IB1 in that it saves onlyinstances that it misclassifies. This reduces the number of exemplars required bystoring only a single exemplar for each important region of feature space, and proves

9to be an effective way to prune the exemplar database. Accuracy decreases becauseearly in the learning process important examples may be discarded because there werenot enough examples of conflicting classes to accurately portray the differencesbetween the new example and the nearest neighbour. As the number of storedexemplars increases, the accuracy of the model improves, and so the system makesfewer mistakes. There are problems when the input data is noisy. Because theclassification of noisy examples is poor, IB2 is more likely to store them, leading to anexemplar database where a disproportionate number of the examples contain noise.Aha (1992) observed that the performance of IB2 degraded more sharply withincreased noise than IB1, and that the amount of noise in the exemplar databasecontaining noise was higher than the percentage of noise in the input data. Thisconfirms that IB2�s method of choosing which examples to store leads to a biastowards noisy examples.IB3: retain only good classifiers. Noisy exemplars will impact the performance ofany system that does not detect them, because they will repeatedly misclassify newexamples. IB3 overcomes this by pruning bad classifiers. It monitors the classificationperformance of each exemplar to determine whether or not they should be used. Arecord is kept of the number of correct and incorrect classifications each exemplarmakes. If the closest exemplar does not have an acceptable performance record, itsstatistics are updated but it is ignored in favour of the closest acceptable neighbour.IB3 bases this decision on the exemplar�s performance relative to the observedfrequency of its class. If an exemplar correctly classifies new examples to asignificantly higher degree of accuracy than the observed frequency of its class, it isaccepted for classification. If it classifies to a significantly lower degree, it is deletedfrom the database.This modification dramatically improves the performance of IB3, resulting incomparable performance to IB1 in most domains, and improvements in two. Bothstorage requirements and the amount of noise in the database are substantiallyreduced compared to IB1 and IB2.IB4: weight attribute values. The Euclidean distance function works well fornumeric domains where all attributes have similar relevance. In most domains this isnot the case. The relevance of each attribute may be learned incrementally bydynamically updating feature weights. Aha (1992) proposes that these weights shouldbe concept-specific, in that an attribute may be important to one class but not to theothers. IB4 weights attributes dynamically, and performs much better than IB1, IB2 andIB3. In particular, the introduction of irrelevant attributes has very little effect on IB4

10while for IB3 the exemplar database grows exponentially as the number of irrelevantattributes increases.IB5: handle novel attributes. IB1 handles missing values by assuming maximaldistance for an attribute if it is missing in either the new example or the exemplarbeing tested. However, sometimes an attribute is missing because it is not relevant tothe current example. Also, the value of an attribute may not be available when thefirst examples are being collected, but become so later. IB1 will incorrectly penalisethose examples for which the attribute value was not available or not relevant.IB5 overcomes this problem by assuming that the distance between a missing andpresent attribute is zero. Sometimes-present attributes therefore affect the distancefunction only when the value of that attribute is known for both examples. IB5 wastested using a domain that contained six boolean attributes, of which only one isrelevant to classification. For the first 100 examples, the relevant attribute is missing,and so classification accuracy is approximately 50%. When the relevant attribute isadded, IB5 quickly adapts to the new situation and classification accuracy improves.In contrast, IB4 reacts very slowly to the introduction of the new attribute.2.1.2 KNNAnother successful variation of nearest neighbour is k-nearest neighbour (Kibler andAha, 1987). This is an alternative method for dealing with noise, where the mostpopular class of the k nearest examples is used for prediction. This prevents a singlenoisy example from incorrectly classifying the new one, and has met with muchsuccess. The problem, however, is determining the value of k; the more noise in theinput set, the larger k should be. As the system does not have this information apriori, a popular method is to use cross validation. The user trains and then tests thesystem using a variety of k values, and the one that produces the best result issubsequently adopted.2.2 Case-based reasoningNearest neighbour methods try to define similarity and differences between historiccases by imposing a metric upon them, the Euclidean distance function. This metric isvery rigid and does not represent subtleties such as irrelevant or missing features. Thesolution, as we have seen, is to add terms to the function such as feature and exemplarweights. The system infers these weights from the input data, usually in a somewhatad hoc manner. They are not formally related to the original distance function.Case-based reasoning methods do not try to measure the similarity between casesnumerically. Instead, they form a model in memory of the relationships betweenexamples. These relationships may either be induced (Kolodner, 1984; Lebowitz,

111987) or supplied by an expert user (Bareiss and Porter, 1988). New examples arecompared to the cases in memory by determining how closely they match theserelationships. Some methods use the relationships to generalise the cases into ahierarchy that, once established, is difficult to alter. Other, more flexible, methodsretain all cases, the relationships instead forming threads that link similar cases.Case-based reasoning is of particular interest to cognitive scientists. While nearestneighbour is a successful method for classifying new examples, people do not havethe ability to calculate the distance between new and previously experienced instancesin such a manner, and so the method provides little insight into the mechanism ofhuman learning. It is quite widely thought, however, that people often recall pastexperiences when solving new problems. Case-based reasoning is considered to be aplausible model of this process (Bareiss and Porter, 1988).Three case-based methods will be discussed. The first two, CYRUS and UNIMEM,infer generalisation hierarchies from the examples. The third, PROTOS, maintains acomplex set of user-supplied relationships that are continually refined as newexamples are added.2.2.1 CYRUSAn early example of case-based reasoning by a psychologist was CYRUS (Kolodner,1984). CYRUS contains information about events in the life of two US secretaries ofstate: Cyrus Vance and Edmund Muskie. A user can ask CYRUS questions abouteither individual�s movements in natural English. Questions can either be aboutspecific events that have occurred, or they can be more general, such as �When didyou last go to the Middle East?� The facts stored in CYRUS are entirely episodic. Itmakes no attempt to store the knowledge known by the two men, nor does it record anentire history of events in the two men�s lives.The aim of the CYRUS project was to develop a plausible model of humanremembering sufficiently detailed that it could be implemented on a computer. Workto date in this area had produced only vague models that failed to address many of thekey problems in memory recall. The crux of Kolodner�s work was that the memorymodel should not only support human memory processes but should be required bythem. Also, the memory model should exhibit the shortcomings of human memoryrecall such as forgetting and erroneous construction of facts (Kolodner, 1984).The memory model for CYRUS began as a semantic network allowingenumeration of branches from any particular node, such as that in Figure 2-1(a). Anyobject stored in such a structure may be retrieved by traversing the entire network.This model was then made more restricted by disallowing traversal. Kolodner tookthis step for two reasons. First, if human memory is enumerated in such a fashion,recall would be expected to slow down as more facts are learned. In practice, the

12reverse is usually observed; the more knowledgeable a person is about a subject, themore quickly they recall facts about it. Second, people are not very good at returninglists of facts from memory such as �name all of the museums that you have visited,�and usually go through a process of reconstructing scenarios related to the desiredfacts in order to retrieve them. The resulting model was therefore a semantic networkwhere a particular node can only be accessed if the key to one of its paths is provided.In other words, CYRUS may only retrieve objects from memory if it can provide exactmatches of features pertaining to them. In Figure 2-1(b) information about Rome canonly be retrieved by supplying the index keys area:Europe and city:Rome.Sometimes the required keys are not part of the original question, in which caseCYRUS constructs plausible scenarios to generate other candidate keys.CYRUS generalises the stored information by retaining at each node a list offeatures shared by its subnodes. It further indexes each subnode by its differences.Figure 2-2 gives an example of the node �meetings� and its subnodes, in this case twoevents. Note that CYRUS indexes the two events in more than one way because thereis more than one dissimilar feature, participants and topic.

PlacesEurope USAPacific

RomeParis

Placesareaarea:Europearea:Pacificarea:USA citycity:Romecity:Paris

(a)(b)

Figure 2-1. Enumerable vs non-enumerable memoryOne of the difficulties with indexing by differences is deciding which features touse. Indexing them all is not practical because it leads to a combinatorial explosion ofindexes. CYRUS avoids this by using only those features that are likely to match asignificant number of future examples. This implies that the more general a feature,the better an index it is. When deciding to index a new event by a particular feature,CYRUS uses its background knowledge to find the most general representation of thefeature that still uniquely identifies the event. The steps that CYRUS takes whendeciding which features to index are:¥select those features that have previously been predictive;

13¥remove those features that are present in the generalisation node that this event is to be indexed below;¥remove those features where this particular feature value is known to be non-predictive;¥choose the most general representation of each feature value that still uniquely describes the event.

actor: Cyrus Vanceparticipants: foreign diplomatstopics: international contractsaction: talk to each othergoal: resolve disputed contractDiplomatic MeetingsparticipantstopicBeginGromykoSALTCamp David AccordsEV1EV2EV1EV2

Figure 2-2. Example of a node and subnodes in CYRUSGeneralisation occurs whenever a new event is introduced that shares featureswith an existing one. When this happens, CYRUS creates a generalisation nodecontaining only the common features, and the events are indexed below it by theirdifferences. When others are encountered that also share the same features, the size ofthe generalisation node grows. Events indexed below a generalisation node may latermatch to new events, and so be further generalised. CYRUS therefore builds ahierarchy over time.A problem with this form of generalisation is that the features chosen may only bethe same by coincidence, and so the generalisation node will contain the wrong ones.CYRUS avoids this by allowing an event to match to a generalisation if most of itsfeatures match. A feature that mismatches too many times is removed from thegeneralisation and placed in a subnode. Furthermore, generalising the wrong featuresmay lead to a generalisation node that directly indexes few events, but whichindirectly indexes a larger number of events via a subnode. When this occurs CYRUScollapses the subnode into the parent. Figures 2-3 and 2-4 illustrate these twoexamples of incorrect generalisation. In Figure 2-3(a) the feature includes state dinnerhas been generalised because the first two events shared this feature, but subsequentones do not. Events are later encountered that match the other generalised features butnot includes state dinner. When sufficient of these are observed, include state dinneris dropped from the node, as in Figure 2-3(b). In Figure 2-4(a), the first two events

14EV1 and EV2 included a different special event. Later events, however, all included astate dinner. The subnode includes state dinner therefore contains most of the eventsindexed by the parent node, so CYRUS collapses the subnode into the parent, givingthe structure shown in Figure 2-4(b). EV2 is now indexed by an exception to thegeneralisation includes state dinner.

destination: middle eastincludes: state dinner includesdance:EV3show:EV6includes: tour ofoilfeld:EV4airstrip:EV5

(a)withBegin:EV1Arafat:EV2 destination: middle east

(b)withBegin:EV1Arafat:EV2 includes: dinner

Figure 2-3. Generalisation on the wrong feature includesdance:EV2

(a)withBegin:EV1Arrafat:EV3

Gromyko:EV4Dayan:EV5

(b)withBegin:EV1Arrafat:EV3

Figure 2-4. OverspecialisationA feature of human memory is that we may forget facts if they did not seemimportant at the time. For example, if a person goes to a restaurant where a bandplays, and it is the first time that they have seen live music at a restaurant, they maynot remember the name of the band because it was not as significant as the fact thatthere was live music there at all. As they come across more bands at restaurants,however, they may start to remember the names of them, because this is what

15distinguishes them from each other. The name of the first band, however, has beenforgotten forever. This is also true of CYRUS; whenever a new event is stored, it isindexed by feature values that are as general as possible, while still being sufficient touniquely identify the event. In the above scenario, therefore, CYRUS would index thefirst visit by �includes band.� Once more restaurants are visited, this is no longersufficient to uniquely identify each visit, and so some other feature, such as the nameof the band, is required. However, CYRUS never recorded the name of the first band,so has forgotten it.While storing exceptions helps to produce a compact and very general memorymodel, it also has disadvantages. When answering an inferral question of the type�What meetings did Cyrus conduct in the Middle East,� CYRUS descends the mostfavoured index path, preferably from a node containing �Middle East.� Two thingsmay go wrong with this type of search. First, some of the required events may bestored in exceptions under less favourable paths, in which case they will not beretrieved by this search. More drastically, there may be no nodes at a high levelcontaining �Middle East,� in which case CYRUS will not return any events. Thenetwork contains a node for each category of object stored in memory. Searches foran object must start at a node, so it is necessary to provide the category, which isusually the main subject of the question. For example, when asking �Where did youlast go on holiday?� the initial category might be �holidays.� Because the desiredobject may not be indexed by this category, CYRUS requires background knowledgeto suggest others. This knowledge is stored in the same memory structure.Using background knowledge to find other plausible categories for search iscalled reconstruction. This often involves remembering other events that typicallyoccur in a certain situation, so that what actually occurred can be pieced together. Forexample, when going on holiday the typical events performed on the first day mightbe:¥get off the plane;¥phone for a taxi;¥ride to motel;¥check into motel;¥sleep to shake off jet lag.When asked �Did you visit the Louvre museum in Paris?� CYRUS might use theabove list to search for the events that did occur, and return �No, I was only there forone day and I slept all day.� Background knowledge is therefore a necessary part ofCYRUS. This information can also be used to produce an alternative context for the

16search if the obvious one failed to return the required information. Figure 2-5 showsthe overall retrieval strategy.CYRUS represents a significant advance in the understanding of human memory.The structure proposed exhibits many of the traits of human memory, including theneed for reconstruction of events surrounding those being recalled, and the ability toforget. From a computing point of view, CYRUS shows that search withoutenumeration is both possible and practical. Furthermore, CYRUS shows thatgeneralised examples can be stored and retrieved in the same way as the examplesthemselves, allowing a unified case-based learning approach.

choose a search categoryfailsucceedretrieval failurechoose indices for the targeted event in the categorysucceedfailfollow the indicesfound an event?noyeselaboratereturn the eventsucceedfailalternate context searchsucceedfailreturn events

Figure 2-5. CYRUS search strategy2.2.2 UNIMEMUNIMEM (Lebowitz, 1987) is a machine learning system that uses a very similarmemory model. Like CYRUS, it does not classify new instances, but performs learningby observation, grouping together examples into concepts according to similarities intheir features. It assumes that similarities in naturally occurring examples reflectmeaningful regularities. This is similar to conceptual clustering, which is described inSection 2.4.

17UNIMEM organises the examples into a generalisation based memory (Lebowitz,1980), a hierarchy where each node represents a collection of features that theexamples stored below it share in common. Figure 2-6 gives an example of such ahierarchy. UNIMEM has produced the three generalisations G1, G2 and G3 without theuser specifying a class. The user can later give them meaningful names such as:¥G1 = private universities with high academic level and medium social life;¥G2 = expensive urban schools with strong applicant SAT scores;¥G3 = expensive schools with high enrolment yields.SAT maths: 662.5%financial aid: 60location: urbanstudent/faculty: 10/1expenses: > $10,000G2quality of life: 4academics: 4.5control: privatesocial: 3G1

G3SAT verbal: 637.5%financial aid: 45.0%enrolled: 55no of students: <5,000HarvardPennsylvaniaMITSwarthmore

Figure 2-6. GBM hierarchy of American universitiesStoring new examples in memory is a two-pass operation. UNIMEM first performs acontrolled depth-first search of the generalisation hierarchy to determine the mostspecific node of which the new example is a member. It allows the new example toconflict with the generalisation node being considered, provided that the amount ofmismatch is less than a fixed parameter. This could potentially lead to an examplethat is described as belonging to a particular concept but having very few features incommon with it, but according to Lebowitz if the allowed discrepancy is small, thisdoes not seem to arise. Allowing discrepancies in this manner is analogous in nearestneighbour learning to accepting that two examples are the same if their distance issufficiently small. This practice is common for continuous-valued domains. Forexample, Salzberg (1991), when adjusting feature weights for real numbereddomains, determines that two feature-values are the same if their difference is lessthan a fixed parameter.After finding the most specific node of which the new example is a member,UNIMEM decides how to include it into the generalisation hierarchy. If it has severalfeatures in common with another in the same node, a new generalisation is formed

18that is a specialisation of that node, consisting of the new example and the matchingone. If the new example is sufficiently similar to several others with differentoverlapping features, several generalisations may result. If the feature values areacceptably similar but do not match exactly, UNIMEM uses the average value.As with CYRUS, UNIMEM risks overgeneralising, and later finding that a parentnode has too many exceptions. Instead of deciding when to generalise or specialise bycalculating the proportion of examples in the generalisation versus those inspecialisation nodes beneath it, UNIMEM maintains weights for each feature of eachgeneralisation. Whenever an example matches this node, the matching features havetheir weights increased, indicating a higher confidence that they are relevant to thegeneralisation. Features that contradict the new example have their confidencelowered. Each weight is altered by an amount proportional to the difference betweenthe feature value in the generalisation and that in the new example. If a confidencelevel drops too low, UNIMEM removes the feature from the node and adds it to all ofthe subnodes. Once confidence is sufficiently high the feature becomes permanent,and its confidence level is no longer adjusted. The confidence levels do not influencethe similarity decision in any way. Using this method UNIMEM prunes rather thandiscards generalisations that contain incorrect features. This aspect of the algorithmcontrols overgeneralisation by determining how closely features in the generalisationmust match new examples.When generalisations are pruned in this way they may eventually contain veryfew features and be too general to provide any information. UNIMEM avoids this bydiscarding any generalisation containing less than a fixed percentage of the totalnumber of features. Instances contained within the discarded generalisation and all ofits subnodes are themselves discarded to prevent the same faulty generalisation beingrecreated. Lebowitz (1987) acknowledges that discarding examples is a dubiouspractice that could lead to whole concepts being lost. In fact, pruning simple disjunctsis not a good idea, because it does not allow UNIMEM to induce very simple rules. Ithas been shown that for many classification problems a single-attribute rule covers alarge fraction of the input set (Holte, 1993). UNIMEM would have great difficultyrepresenting these data sets.2.2.3 PROTOSPerhaps the most complex memory model system is PROTOS (Bareiss and Porter,1988). PROTOS learns from examples, with additional knowledge being provided by adomain expert.PROTOS does not create a hierarchical structure. Instead, it groups exemplars byclass, and adds relationships that link similarities between them. Figure 2-7 gives anexample of the class chair which contains two exemplars, chair1 and chair2.

19Relationships are either trivially implied by the existence of a feature, such as �chair2has legs(4),� or are supplied by the user in the form of background knowledge, suchas �metal and wood are both examples of rigid material.�chairschair 1chair 2armrestswheelspedestalbackrestseatlegs (4)woodmetallateral supportholds (person)seat supportrigid material

Figure 2-7. PROTOS knowledge structure for class chairsPROTOS performs classification by using three index structures to retrievecandidate classes and exemplars. The above relationships, or remindings, are used toretrieve the most similar class, and the most similar exemplar. Multiple remindings toa class are heuristically combined to determine how closely it matches the newexample. The best matching exemplar is then chosen by selecting the mostprototypical. Prototypicality is a function of the number of correct and incorrectclassifications that each exemplar has performed. Finally, PROTOS uses differencelinks to check the best exemplar�s neighbours. The user provides difference links toexplain misclassification. When the class predicted for a new example is incorrect, adifference link is constructed between the incorrectly classifying exemplar and themost similar of the correct class. This link highlights important differences betweenthe two exemplars that were overlooked during classification. PROTOS uses this linkto discriminate between the two similar cases in future.PROTOS continuously evaluates the knowledge provided by the expert. Wheneverit misclassifies an example, it offers an explanation of how it arrived at its conclusion.If any step is incorrect, the user may alter the underlying domain knowledge tocorrect the situation. PROTOS therefore refines the knowledge structure during thelearning process.Generalisation within PROTOS takes two forms. First, common features amongstexemplars of the same class provide a reminding to that class. In Figure 2-7, bothchair1 and chair2 have seats, and so seat becomes a feature of the class chairs. These

20remindings are not explicitly included in the description of the concept, but rather areevaluated each time a new example is classified. The importance of each of theseimplicit remindings is determined by observing how typical the feature is to the class;a feature that all exemplars within a class have in common is considered essential,while a feature shared by a very small number is considered unimportant. Second,new examples in which all features can be successfully matched to the features of themost similar case are merged into that exemplar by generalising any different featuresto the feature generalisation that allowed them to be matched. In Figure 2-7, pedestaland legs(4) are both examples of seat support, and so can be generalised to this value.Unlike the implicit generalisation described above, this action is explicit andirreversible.As a result of having several different types of indexes, PROTOS� search strategy isquite complex. Rather than performing a single search for the most similar case,PROTOS begins by finding a group of promising cases, and then prunes and refinesthis group using the various indices until it finds the best exemplar. The overall searchstrategy is:¥collect remindings to each category, heuristically combining multiple ones tothe same category, and retaining the c most promising categories;¥select the p most prototypical exemplars from each of the c categories;¥collect remindings to each exemplar, heuristically combining multiple ones tothe same exemplar, and add the e exemplars with the strongest remindings to thelist;¥order the list of promising exemplars by reminding strength;¥for the most promising exemplar, determine its strength of similarity with thenew example. If not sufficiently strong, discard and try the next exemplar in thelist. Repeat until either a suitable match is found or the list is exhausted;¥try to find a better match using the difference links;¥return the class of the best exemplar.Bareiss and Porter (1988) tested PROTOS on the domain of clinical audiology.While learning to become practising audiologists, students are typically subjected tobetween 150 and 200 cases of patients with ear abnormalities. PROTOS was trained on200 such cases and tested on a normal mix of 26, correctly classifying all of them,compared to a classification accuracy of 38% for ID3 (Quinlan, 1986) and 77% forPROXIMITY (Kibler and Aha, 1987). Interestingly, when Bareiss and Porter replacedPROXIMITY�s matching algorithm by that used in PROTOS, they reported an accuracyof only 62%, indicating that the low-level matching algorithm employed by PROTOScould be improved (Bareiss and Porter, 1988).

21The high performance achieved by PROTOS for this domain compared to otherlearning methods showed that learning systems that interact with the user can learncomplex concepts more effectively than non-interactive systems.2.2.4 DiscussionThe three methods described all maintain a memory structure that helps them makeinferences about future examples. Incremental learning is advantageous because itallows the concepts being learned to be refined indefinitely without requiring that theinput dataset be completely relearned each time a new example is added. However, adisadvantage is that the memory structure initially takes shape when the system hasobserved only a small number of examples. This causes two problems: the memorystructure may be over-general, and it may use the wrong features when definingconcepts.CYRUS and UNIMEM overcome the first problem by detecting and remedyingovergeneralisation. CYRUS decides that a concept is over-general when there are toomany more examples in exception nodes below it than in the node itself. When thisoccurs it removes the offending node so that the exceptions become simplygeneralisation nodes. UNIMEM checks features, rather than whole generalisations.When a feature has mismatched too many of the examples in the node being testedand those below it, UNIMEM removes it from the generalisation node. If ageneralisation has too few features, it is deleted. UNIMEM cannot take CYRUS�approach because it does not store the actual examples in memory. If an example issufficiently similar to a generalisation, it is stored as though it matched, andinformation about dissimilar feature values is lost.Neither CYRUS nor UNIMEM copes well with the second problem of incorrectfeature use. While CYRUS does detect and remove features in a generalisation nodethat fail to match events indexed by that node, it is unable to alter the features used toindex an event, because it only stores the features needed to discriminate the newexample at the time that the example is observed. If these features later prove to bespurious, and the important ones have been dropped, the example cannot be indexedefficiently.If UNIMEM has discriminated using the wrong features, they will gradually bedeleted from the generalisation. These features are not propagated down to thesubnodes as the values of the feature at the subnode level are not retained. Similarly,when the number of features in a generalisation falls below the negative thresholdUNIMEM deletes it from memory. Doing this loses all nodes and examples below, asthe values of the features within the subnodes and their examples are not retained.Failure to store the lower node features is not an oversight: Lebowitz (1987) claimsthat if this information were stored, attempting to rebuild the portion of a hierarchy

22below a dropped node would result in the same erroneous generalisation being builtagain. He further claims that in the domains he tested this was not a serious problemas there were always sufficient examples for useful concepts to be created. However,this may not always be true.PROTOS relies on an expert user to guide it in learning the importance of featuresimilarities, and so the extent that it suffers from the above two problems depends tosome degree on the competence of the user. An incorrect generalisation presented bythe user early on may cause PROTOS to perform badly when collecting the set ofcandidate examples, without the cause of the problem being obvious. The user maytherefore continue to add unnecessary concepts to try to correct the problem, when infact removing the spurious one would be a better cure.Of the three systems, only PROTOS has the ability to correct its memory structureswhen it goes wrong, and does so by relying on the user to spot the mistakes that it hasmade and correct them. It is possible, however, for non-interactive incrementallearning systems to correct their memory structures. ID5 (Utgoff, 1989) is anincremental tree builder based on ID3 (Quinlan, 1986) that reconstructs portions of itstree whenever it becomes apparent that it is discriminating on the wrong features. Itdoes so by retaining enough information about all examples observed to redo thecalculations necessary to decide which features to use. CYRUS, UNIMEM and PROTOSdo not perform such calculations. Instead they build the memory structures ad hoc,preventing re-evaluation when they find mistakes.A common feature of all three methods is the use of exceptions. CYRUS andUNIMEM both use exceptions to overcome explicit overgeneralisation, while PROTOSuses them to overcome implicit overgeneralisation by allowing the user to adddifference links that discriminate between otherwise similar exemplars.2.3 Rule inductionInstance-based learning systems retain the set of examples, along with some means ofcomparing a new example to those in memory. In contrast, Rule induction methodsgeneralise the training set into rules that they can evaluate directly to classify newexamples. These rules may be represented in many ways, including decision trees andmodular rules. Rule induction systems evaluate the features of the training set anddecide which ones to use to discriminate between the different classes. The followingsections describe two popular rule induction systems that use a similar method ofchoosing the next attribute to discriminate, but differ in the final representation of thelearned rules.

232.3.1 ID3Quinlan (1986) developed the tree-inducing system ID3 while trying to devise amethod to compress chess end-games. ID3 reduces a set of input examples to adecision tree, where the value of a single attribute determines the outcome at eachdecision node. Figure 2-8 gives an example of a typical decision tree.

outlooksunnyovercastrainhumiditywindyhighnormaltruefalseNPPNP

Figure 2-8. Example of a decision treeID3 produces decision trees in a top-down fashion. Beginning with the tree root, itchooses the first attribute to discriminate on, and produces a subnode for each value.If all examples with a particular attribute value have the same class, the node becomesa leaf node, otherwise ID3 chooses another attribute to further discriminate betweenthe classes. The tree is complete when all examples are represented by a leaf node.To determine which attribute to branch on at each level, ID3 calculates theinformation gained by discriminating on each, and uses the one that maximises thegain. The formula used is:

gain(A) = I(p,n)− E(A)

where

E(a) = p_i + n_i p + n i=1 v ∑^{− pi}_{pi + ni}^{log}2^{pi}_{pi + ni}^{− ni}_{pi + ni}^{log}2^{ni}_{pi + ni}

and

I(p,n) = − p p + n log_2 p p + n − n p + n log_2 n p + n

ID3 performs well for a large number of domains, producing compact decisiontrees with a high classification accuracy. Its main drawback is sensitivity to noise, aproblem that can be reduced by pruning the resulting decision tree. A commercialversion of ID3 called C4.5 (Quinlan, 1993) provides facilities for decision tree pruning,as well as supporting continuous-valued domains by partitioning the range of possiblevalues.

242.3.2 PRISMA problem with decision trees that discriminate by attribute is that they assume allvalues of each attribute are important, and so determine the class by finding the mostdiscriminating attribute. For many domains, to descibe the concept being learned mayrequire several rules that do not share common attributes. In this case the decision treecreated will be large and overly specific, and so will not classify new examples verywell. PRISM overcomes this problem by inducing modular rules where each attributevalue is tested individually to decide whether or not to include it in the rule(Cendrowska, 1987).Each rule begins as an empty set. Each attribute value is then tested to determinewhich one has the highest information gain, and a clause is added to the rule for thatattribute of the form

Ai = Vij

where

Vij

is the most promising attribute value and

Ai

is the corresponding attribute.The set of examples with this attribute value is then isolated. If all of these examplesshare the same class, the rule is complete and they are removed from the set. If theydo not, PRISM finds the next best attribute value and adds another clause to the rule.On completing a rule those examples that satisfy it are removed and the process isrepeated until no examples remain.2.4 ClusteringAnother method related to nearest neighbour learning is clustering. Clusteringsystems build a generalisation hierarchy by partitioning the set of examples in such away that similarity is maximised within a partition and minimised between them. Atthe lowest level of the hierarchy are the individual examples.Clustering is especially suited to unsupervised learning, where the concepts to belearned are not known in advance, but it may also be applied to learning fromexamples. A new example is classified by considering adding it to each cluster, anddetermining which one it fits best. This process is repeated down the hierarchy until acluster is reached that contains only examples of a single class. The new exampleadopts the class of this cluster.The main differences between different clustering methods are the similaritymeasure, and the method used to evaluate each cluster to determine the best fit for thenew example. Approaches range from Euclidean distance to Bayesian statistics.Clustering is therefore the broad approach of concept formation by grouping similarexamples.

252.5 The problem of small disjunctsStudies into the cause of misclassification in induced rules show that rules that covera very small proportion of the training set, or small disjuncts, cause mostclassification errors. While these rules may individually represent only a smallproportion of the input set, they may collectively account for over half of theexamples, and contribute up to 95% of the errors (Clarke and Niblett, 1987). It isthought that this is mainly due to the use by most systems of a bias that isinappropriate for inducing small disjuncts (Holte et al, 1989).Decision tree and rule inducing methods implement a maximum generality bias;whenever they create a new rule, it is made as general as possible while stilldiscriminating the concept being learned. This approach favours more general rules,or large disjuncts (Holte et al, 1989). Instance-based learners, on the other hand,retain the actual examples, and so the definition of a particular class consists of adisjunct for each training example, which is the most specific bias possible. Thisfavours small disjuncts, but does not induce large disjuncts very effectively.The are several ways to improve either the small disjunct performance of ruleinducing systems or the large disjunct performance of instance-based learners. Ruleinduction systems can produce more specific rules by using the generality bias forlarge disjuncts, but selecting the most specific rule that covers each set of examplesthat represents a small disjunct. Instance-based learners can adopt a more general biasby considering the k nearest neighbours rather than the single closest exemplar.The effect is to shift the underlying bias further towards the middle. The problemis that this tends to reduce the performance of the system in the area that it performsbest. For example, a decision tree inducer with a reduced generality bias will performworse for large disjuncts. Since large disjuncts usually account for the majority of thetraining set, this means that overall performance decreases. Holte also experimentedwith a selective bias version of CN2 (Clarke and Niblett, 1987) that accepts amaximally general small disjunct only if it matches less than 25% of examples of thewrong class. This reduces the error rate for small disjuncts, but decreases overallclassification performance. Shifting the bias of a single learning method almostalways does this (Holte et al, 1989).2.5.1 Small disjuncts in decision treesTing (1994) investigated the problem of small disjuncts in decision trees. Bycomparing the performance of the decision-tree generating system C4.5 (Quinlan,1993) and the IBL nearest neighbour systems (Aha, 1992) for a variety of disjunctsizes, Ting shows that for small disjuncts the instance-based learning system out-performs the tree inducer, while for larger disjuncts the reverse is true.

26To address this problem, Ting implemented COMPOSITE LEARNER, a system thatcombines C4.5 (Quinlan, 1993) with IBL (Aha, 1992). The composite learner uses aselection rule that determines which system to believe depending on the size of thedisjunct. For small disjuncts the instance-based learner provides the class, while forlarger disjuncts the decision tree is used. This approach eliminates the problem ofreduced accuracy due to bias shift, because the bias used remains invariant.In implementing a hybrid nearest neighbour and decision tree system Tingdiscovered two serious problems. First, no particular instance-based system performssatisfactorily for all domains. He overcomes this by refining the selection criteria touse a particular IBL system according to several characteristics of the data set, such asthe presence of missing values. Second, the definition of small disjunct is crucial tothe performance of the hybrid system. The definitions Ting (1994) studied are:¥the disjunct size is less than or equal to a fixed value;¥the disjunct size is less than or equal to a fixed proportion p of the training set;¥the total small disjuncts coverage is less than or equal to a fixed proportion t ofthe training set;¥the error rate exceeds a fixed error rate;¥the error rate exceeds the decision tree estimated error rate.Ting (1994) concludes that no particular measure stands out as a clear winner.This ultimately limits the performance improvements observed in the compositelearner. Overall it performs quite well, offering improvement over C4.5 in ten of thetwelve domains, and outperforming both C4.5 and IBL in eight of the twelve domains.The composite learner often outperforms C4.5 when the instance-based learner aloneis significantly worse, supporting the theory that each of these two methods is betterthan the other for a subset of the complete range of disjunct sizes.2.5.2 Effect on instance-based learningJust as generality based inducers often overlook small disjuncts, instance-basedlearning systems may poorly represent large ones. Given sufficient training examples,large disjuncts should be adequately represented, the examples forming a cluster overthe area covered by the large disjunct. Small disjuncts will similarly be represented bysuch a cluster, albeit a much smaller one. The smallest may be represented by a singleexample.Unfortunately, training sets are often too small to represent large disjuncts fully.As a result, small disjuncts may be over-represented by even a single point, and willhave an unduly large effect on classification performance in their local area. Figure2-9 illustrates a two-class problem where new examples are classified as black or

27white. The rectangle represents the target concept for a classification of white. InFigure 2-9(a) there are many examples of this disjunct, and so the area of featurespace that gives a classification of black does not significantly encroach upon the arearepresented by the large disjunct. In Figure 2-9(b), however, the white disjunct ispoorly represented by the examples, and the area of feature space with class blacknow encroaches heavily upon it. New examples falling within the shaded region willtherefore be misclassified.As mentioned earlier, there are several ways to overcome this problem, by shiftingthe underlying bias. Nearest neighbour systems can be biased to favour large disjunctsover small by considering the k closest points and either selecting the most popularclass, or multiplying each result by distance and computing the sum for each class, asort of �exemplar gravity.� Both of these methods, however, reduce the effect ofsmall disjuncts, and so do not provide a completely satisfactory solution. K-nearestneighbour does work well when there is noise in the dataset. This is a consequence ofthe loss of specificity, because noise tends to appear in the learning system asspurious small disjuncts.

(a)well represented large disjunct

(b)under-represented large disjunct

Figure 2-9. Under-representation of large disjuncts

283 Generalised exemplarsHybrid learners as described in Section 2.5 are one way of combining both agenerality and specificity bias. Another approach is to generalise the exemplars in aninstance-based learner (Salzberg, 1991; Smith et al, 1990).Generalised exemplars represent more than one of the original examples in thetraining set. In a geometric sense, if an instance database is a set of points in ann-dimensional problem space with n being the number of features in each example, ageneralised exemplar is an n-dimensional region covering a finite area of the problemspace. This study explores axis-parallel n-dimensional rectangles, or hyperrectangles.Many rule-inducing systems use this form of generalisation, including C4.5 (Quinlan,1993) and PRISM (Cendrowska, 1987). Hyperrectangles represent each generalisationby an exemplar in which each feature value is replaced by either a range of values fora continuous-valued domain, or a list of possible values for a discrete-valued domain.The exemplar database for a given problem may contain a mixture of both generalisedand ungeneralised exemplars. An ungeneralised exemplar is a trivial hyperrectangleof size zero. The exemplar database in Figure 3-1 contains both generalised andungeneralised exemplars, of class a and b.

ababaabbaa

Figure 3-1. Exemplar database containing generalised exemplarsGeneralised exemplars may also be thought of as rules. For a given problem, theset of hyperrectangles has the following properties:¥it may be represented as a disjunctive set of conjunctive rules;¥there are as many conjuncts as there are features in an example;¥a conjunct may be expressed as a pair of magnitude comparisons (for continuousvalues);

29¥a conjunct may be expressed as an internal disjunct (for symbolic feature values);¥no external disjuncts are permitted within a hyperrectangle.Figure 3-2 gives an example of a hyperrectangle represented in such a manner.

class A if f1 = (1 or 4 or 9 ) AND f2 = (23) AND

(f3 >= 11 AND f3 <= 45)AND f4 = (a or d)

Figure 3-2. Example of a hyperrectangle3.1 MotivationThere are three reasons why it might be desirable to generalise exemplars. These arenow described. We present a hypothesis for each motive, and verify themexperimentally in Chapter 5.3.1.1 Classification performanceSection 2.5 described how nearest neighbour methods implement a maximumspecificity bias. Because of this, large disjuncts tend to be under-represented when thetraining set is small. In particular, if an oracle assembles a set of training instancesthat represents all known rules in a small number of examples, large disjuncts willalmost certainly be under-represented compared to small ones.Generalised exemplars provide a solution. By generalising where possible, a largedisjunct that is represented by a small number of points will influence a larger area ofthe problem space, by filling in the otherwise empty region between the examplesrepresenting it. With such a system, large disjuncts tend to be over-represented earlyin the learning process, but as more conflicting examples are introduced they arepruned down to their correct size. Unlike the composite learner of Ting (1994),exemplar generalisation does not require an explicit definition of small disjuncts. Thisallows a gradual change in representation from large to small disjuncts. This suggeststhe following hypothesis.Hypothesis 1: Generalised exemplars improve the performance of nearestneighbour systems by improving the representation of large disjuncts.3.1.2 Rule inductionA very desirable feature of rule induction systems is that in addition to performingclassification, they can be used to summarise data. The induced rules can then beapplied to future cases by either a person or an expert system. The rules must be keptsimple, and capture human-understandable concepts. Instance-based learning does not

30do this. The knowledge learned by an instance-based system is understandable onlyby it. Generalised exemplars, however, can be converted into modular rules that othersystems can use.The form of the rules produced depends on the method used to generalise theexemplars. If it allows exemplars to nest within each other, the rules produced mustbe interpreted as defaults and exceptions. On the other hand, if the generalisedexemplars are non-overlapping, the rules form a set of mutually exclusive conjunctivedisjuncts. If exemplars overlap, the resulting rules will conflict with each other, andtherefore be more difficult to interpret. This thesis proposes the following hypothesis.Hypothesis 2: Producing exclusive generalised exemplars results in a usefulset of rules that may be compared with those produced by other rule inductionmethods.3.1.3 SpeedA classification system performs two tasks: learning and classification. Rule inducingmethods put considerable effort into the first task. Classification is very simple, as thesystem need only test a new example against each rule. The drawback is that thesystem cannot classify the new example if it does not fit any of the rules. In thissituation a heuristic is adopted, such as�If the new example does not satisfy any rules, choose the class with thehighest a priori probability.�In instance-based learning the effort required to learn from a new case is roughlyequal to that required to classify it. The learning effort is very small compared tomany other approaches. Furthermore, instance-based learning has the advantage that aconclusion is drawn for every new example, without needing a heuristic to handleexamples that do not fit the learned rule set. The disadvantage is that the effortrequired to classify a new example is much higher than that of rule-based systems.This effort can become untenable if the number of cases in memory grows too large,or the number of features is very large.There are several methods for pruning the number of examplars. One approach isto retain exemplars only when examples misclassify correctly (Aha, 1992). Theassumption is that if an instance classifies correctly, it is a typical example and isalready adequately represented. This is not always the case, however, because theincremental nature of instance-based learning systems means that an example mayappear that would have caused the discarded example to classify incorrectly had itexisted in the database at the time. Aha (1992) verified this notion experimentally; a

31decrease in classification performance is commonly observed when exemplars arepruned in this way.Generalised exemplars offer an alternative method for reducing classificationeffort. We expect this decrease for two reasons:¥generalising exemplars decreases the number of exemplars in memory;¥comparing the new example against a generalised exemplar is simpler thancomputing a distance function.Unlike exemplar pruning, exemplar generalisation does not involve an explicitloss of information, so classification performance need not suffer. However, the timetaken to teach the system increases. This suggests the following hypothesis.Hypothesis 3: Generalising exemplars reduces classification time withoutsacrificing accuracy.3.2 Nested generalised exemplarsSalzberg (1991) describes a method of learning using nested generalised exemplars(NGE). �Nested� means that exemplars may be completely contained within oneanother, analogous to default rules with exceptions. Furthermore, generalisedexemplars may overlap one another.The learning process begins with a database containing a small number of seedexemplars. This seeding is necessary to prevent all examples of the same class beinggeneralised into a single rectangle, and covering most of the problem space. Salzbergreports that the number of seed exemplars and whether they are closely packed orwidely spaced is not important. In fact, the number and distribution of seeds doeseffect classification performance, as they affect the amount of overgeneralisation thatoccurs. Section 3.3.2 discusses this further.NGE then classifies each new example using the current exemplar database and aEuclidean distance function that returns the class of the single nearest neighbour. Thedistance function handles hyperrectangles by returning a distance of zero if the newexample falls within a hyperrectangle. Because NGE allows hyperrectangles to nestand overlap, an example may fall within more than one hyperrectangle. In this case aheuristic is used; NGE returns the class of the hyperrectangle covering the smallestarea of feature space. For discrete features, the distance function is set to zero if twofeatures match, and one if they do not. For hyperrectangles, the feature matches if itappears in the list of covered values.The distance function is further modified by two dynamic weights. The first,

WH

,weights exemplars according to the observed accuracy with which they makepredictions, while the second,

Wi

, weights features according to their importance. Thecomplete distance function is

32^{DEH = WH Wi} Ei − Hi^{maxi − min i}2^{i=1}m^∑where

E_i is the i th feature value in the example and

Hi

is the i th feature value in theexemplar. The feature difference

Ei − Hi

for ungeneralised exemplars is the differencebetween the feature value of the example and that of the exemplar, while forhyperrectangles it is defined as

Ei − Hi = Ei − Hupper when Ei > Hupper

Hlower − Ei when Ei < Hlower 0 otherwise

where

Hupper

and

Hlower

are the boundaries of the hyperrectangle for this feature. Theexemplar weight

WH

is

WH = p + np

This weighting scheme penalises poorly performing exemplars, which may representnoisy cases or over-represented small disjuncts.The feature weight

Wi

is initialised to one and increased or decreased accordingto the following rules:¥for correct predictions, increase

Wi

if this feature in the new exemplar did notmatch that in the chosen exemplar, otherwise decrease it;¥for incorrect predictions increase

Wi

if this feature matched, otherwisedecrease it.Both of these schemes are dynamic, the weights being updated after classifyingeach new example. Section 4.4 explains how they can be improved.After classifying the new example, NGE attempts to generalise one of the existingexemplars to cover it. If the prediction was correct, the nearest neighbour isgeneralised to include the new example. If it is a hyperrectangle, it is grown to coverthe new example. If it is a single exemplar, a new hyperrectangle is created thatcovers the nearest neighbour and the new example. If the prediction was incorrect,NGE employs a fallback heuristic in a further attempt to perform generalisation. Thismeans that if the nearest neighbour classifies incorrectly, the second best neighbour istried. If this exemplar classifies correctly, NGE generalises it to cover the newexample. Furthermore, if the incorrect best match was a hyperrectangle, its

33boundaries are altered so that it shrinks away from the new example and is no longerthe closest. If neither the best nor the second-best exemplars are of the correct class,no generalisation is performed.The second-chance heuristic promotes nesting of hyperrectangles. If an examplefalls within a rectangle of the wrong class that already contains an exemplar of thesame class, NGE generalises the two into a new hyperrectangle, nested within theother.Salzberg also experimented with a greedy version of the algorithm that does notinclude the fallback heuristic. According to Salzberg it cannot create nestedhyperrectangles because any examples that fall within a generalised exemplar of thewrong class do not get generalised into a nested rectangle, although it can still storeexceptions by nesting ungeneralised exemplars within hyperrectangles.Hyperrectangles may also overlap as they are not checked after generalisation to seeif they have overlapped with their neighbours. Section 3.3.2 discusses this further.Salzberg (1991) tested NGE on three domains: Breast Cancer, Iris Flowers andEcho cardiogram. In all three cases it performed well, producing results comparableto other machine learning algorithms. Additionally, the amount of memory requiredwas also quite small, typically storing about 10% of the total number of examples,showing that NGE can compress datasets quite well.3.3 Non-nested hyperrectanglesThe results presented by Salzberg (1991) suggest that NGE is capable of learning avariety of different problems, and of classifying new examples with a high degree ofaccuracy. However, a later study shows that these results were fortuitous, and that formany other domains the performance of NGE is poor (Wettschereck and Dietterich,1994). This Section explores the idea that overgeneralisation caused by allowinghyperrectangles to nest or overlap is the reason for NGE�s poor performance on manydomains. The solution proposed is to avoid all forms of overgeneralisation by neverallowing exemplars to nest or overlap.3.3.1 The case for preventing nestingOne of the key features of NGE is the nesting of generalisations. This is equivalent torepresenting concepts by default and exception conjunctive rules, nested within eachother to any number of levels. An example that falls into both a default and anexception rule takes the class of the exception. NGE implements this by returning theclass of the hyperrectangle that covers the smallest area.Representing rules with exceptions is not new. As described earlier, CYRUS(Kolodner, 1984) and UNIMEM (Lebowitz, 1987) both represent knowledge as ruleswith exceptions. EDAGs (Gaines, 1994) are another representation of exception rules.

34PROTOS (Bareiss and Porter, 1988) uses difference links to represent exceptions. Thesuccess of these systems suggests that exception rules are useful.The problem with NGE is that the generation of exceptions is completelyuncontrolled. In the absence of seed exemplars, NGE may generalise the entireproblem into a single hyperrectangle per class. Even with seed exemplars, the set ofrectangles obtained depends heavily on the order of the examples; in the worst caseNGE will generalise two very distant examples into a single large rule with manyexceptions, even though this representation may be inappropriate.CYRUS and UNIMEM overcome this problem by determining a point at which thedefault-with-exceptions model no longer fits, and performing local reorganisation. Ifthe proportion of examples contained within a generalisation that are also containedwithin exceptions grows too high, the generalisation is dropped. For generalisedexemplars this is the same as dividing a hyperrectangle into many smaller ones whenthe number of examples contained within nested rectangles grows too large. Thisapproach does not entirely cure the problem, however, because it is a local solution;CYRUS and UNIMEM may divide a rule into many smaller ones to cureovergeneralisation, when in fact a better solution might be to specialise the local rulewhile generalising some other rule to encompass the removed portion. It may benecessary to rebuild the generalisation hierarchy completely from the top down.Overgeneralisation of conjunctive rules has an adverse effect on classificationbecause early in the learning process default rules may be generated for the wrongclass, and so the model will perform very poorly. If this situation is not corrected, themodel will always generalise new cases to the wrong class, and so performance willnever improve. CYRUS and UNIMEM correct this problem to some degree, but NGEdoes not. Instead, the model improves very slowly as the number of exceptions rises.Overgeneralisation is more serious in nearest neighbour systems such as NGE thanin rule-based systems. A considerable advantage of nearest neighbour over ruleinducing systems is that for areas of the problem space for which no examples haveyet been observed, the nearest neighbour representation retains information about thesimilarity between the new example and its neighbours, and is able to make aninformed prediction of the class. For non-nested rules, if an example falls outside thecurrent rule set, at best a rough prediction is made based on global probability ofclass. It is in these situations that nearest neighbour can significantly outperform rule-based systems.Generalised exemplars are really embedded conjunctive rules. Once an examplefalls inside a hyperrectangle, the distance function no longer holds, because thedistance to the hyperrectangle is zero. If an example falls inside more than onehyperrectangle, the distance to all of these is zero. Deciding which rectangle to use

35becomes arbitrary, a popular method being to choose the smallest rectangle, which isanalogous to choosing the exception over the default rule.The biggest problem occurs within the default rectangle. Here the distancefunction is zero to the rectangle, and so points that fall within it but not within anexception always classify to the default rule. The nearest neighbour representationtherefore no longer applies. This is desirable if most points within the default rule areof the default class, but classification performance is adversely affected if the systemhas arrived at this representation arbitrarily due to the order of the input data. In thiscase it has arbitrarily dropped the nearest neighbour representation, even though itmay be the best one for the problem.Figure 3-3(a) illustrates a set of examples for which nesting does not appear to bean appropriate representation. The shaded area represents a rule for the class white.Given the small number of exemplars of this class, it is over-represented by the rule,and non-nested exemplars, as in Figure 3-3(b), appear to be a better representation.

Nested RectanglesNon-Nested Rectangles

(a)(b)

Figure 3-3. Nested vs non-nested exemplar representationsThe extreme case is when a very small disjunct is nested within a large rule.Suppose a disjunct is represented by a single exemplar. Before being generalised, theexample is stored verbatim within the larger rectangle. Because the distance withinthe rectangle is always zero with respect to it, all points within the default rule(including the exception point) will have a distance of zero with respect to the defaultrule. The single exception point, on the other hand, has size zero, and so the onlypoint that will has a distance of zero with respect to this one is the example itself.Points in the area immediately surrounding it will therefore classify to the default ruleno matter how close they are. In the absence of duplicate examples or missing valuesthis point will never classify new examples, and so the small disjunct that it represents

36has been effectively discarded. Figure 3-4(a) illustrates this case. The new example X,although very close to a point of class black, is still classified as white because it lieswithin a rule for that class. Preventing nesting of rectangles, as in Figure 3-4(b),overcomes this problem. By not allowing exemplars to nest, single-point disjuncts donot fall within default rectangles, and so can compete with larger disjuncts using thedistance function.

X(a)nested rectangles/examples(b)non-nested rectangles

XFigure 3-4. Small disjunct within a large ruleSalzberg(1991) argues that exceptions are necessary, and that the absence of theability to store exceptions is a serious handicap to learning. While this may be true forsome machine learning methods, nearest neighbour methods are able to representexceptions without doing so explicitly. In particular, non-nested generalisedexemplars have no problem representing exemplars implicitly. In Figure 3-5, nestedgeneralised exemplars (a), non-nested generalised exemplars (b), and ungeneralisedexemplars (c) are all able to represent the default and exception rules implicit in thedata.The arguments given in this section suggest the following hypothesis.Hypothesis 4: A learning system using non-nested generalised exemplarsshows better classification performance than one using nested generalisedexemplars.3.3.2 Nesting vs overlapA detailed study of NGE found that in general it does not classify new examples verywell, and attempts to find the reasons for its poor performance (Wettschereck andDietterich, 1994). Although the results of Salzberg�s testing look promising, whentried on a greater variety of datasets it is found that NGE performs considerably worsethan simple nearest neighbour in most cases.Wettschereck and Dietterich tested three different configurations of NGE; NGE3,NGEcv and NGElimit. Each uses a different number of seed exemplars: NGE3 uses three

37seed exemplars, NGEcv uses a variable number of seeds determined by cross-validation, with candidate numbers of seeds being 3, 5, 7, 10, 15, 20 and 25, andNGElimit uses seeds whose number equals half the number of training examples. Thelatter is included because a hyperrectangle requires twice the memory of a singleexample, and so with the number of seeds set to half, the rest should generalise intothe seed examples. The overall memory requirement will be the same as if nogeneralisation had been performed. This result reflects the performance of NGE whenit uses the same amount of memory as standard nearest neighbour but includesgeneralisation.

(a)(b)(c)nested generalised exemplarsnon-nested generalised exemplarsungeneralised exemplars

Figure 3-5. Three representations of an exceptionWettschereck and Dietterich note that in contrast to Salzberg�s reported findings,the performance of NGE depends strongly on the number of seeds, and that when thisbecomes large compared to the overall number of training examples, NGE begins toapproximate a pure nearest neighbour system.Limiting the generalisation that NGE can perform by adding more seeds deviatesfrom the philosophy of creating the minimum number of hyperrectangles that classifythe training set correctly. Therefore, the results for NGElimit and NGEcv do not reflectthe performance of nested generalised exemplars. If nested generalisation is desirable,NGE should not require any seeds at all. NGE3 is therefore the best representative ofthe model. This being the case, the results indicate that it could be improved, as theperformance of NGE3 is significantly inferior to standard nearest neighbour in allcases.Wettschereck and Dietterich propose the following three hypotheses for why NGEpreforms so badly:¥H1: nested rectangles cause poor performance;¥H2: overlapping rectangles cause poor performance;¥H3: poor performance is caused by deficiencies in the search algorithm.

38To test hypothesis H1, they use Salzberg�s greedy version of NGE, which does notlook for the second-best exemplar if the first proves to be incorrect. This avoids asecond hyperrectangle growing within the first which, it is claimed, prevents nesting.However, Wettschereck notes that greedy NGE does produce nesting from time totime.If a single exemplar is considered a trivial hyperrectangle, nesting occurs when anew example falls inside a hyperrectangle of a different class. Standard NGEgeneralises this example to the nearest exemplar of the same class, which may alsoexist within the conflicting hyperrectangle, while greedy NGE stores this newexemplar ungeneralised within the conflicting hyperrectangle. It therefore stillproduces nesting, because single exemplars are stored within conflictinghyperrectangles.In fact, this means that the effects of nesting in greedy NGE can be worse. Since asingle exemplar is the same as a hyperrectangle with size zero, an exemplar storedverbatim within a conflicting hyperrectangle is effectively discarded. In Figure 3-6(a)NGE correctly classifies the new example (X) to black while greedy NGE (b)misclassifies the new point to white. An exception to this is when missing values arepresent, because a new example with missing values may match a single exemplar.Salzberg uses greedy NGE to improve classification performance for the Echocardiogram database, which is the only one tested that contains missing values.XNGE

(a) Greedy NGE(b)

XFigure 3-6. Standard vs greedy NGEWettschereck reports that there is no support for hypothesis H1. Given that theversion of NGE used to test it does not exclude nesting, and that in some cases itmakes the consequences of nesting more serious, this result is not valid.The main conclusion reached by Wettschereck is that overlapping rectanglescause NGE�s poor performance. Hypothesis H2 is tested using NONGE, a version of

39NGE that allows nesting but not overlap. The description of this algorithm indicatesthat a generalisation is accepted only if the new generalised exemplar would be eitherexclusive of other exemplars or contained within another generalised exemplar. It isnot clear what happens when a newly generalised exemplar may cover anotherexemplar. If NONGE does not permit this case, one element of nesting is beingprevented.When obtaining the results for NONGE, Wettschereck applies cross-validation todetermine the number of seeds to use. Given that overlapping has been removed, theonly type of overgeneralisation possible is nesting. Since the number of seedsdetermines the extent to which overgeneralisation can result, this optimises theamount of nesting that occurs. The results gained from testing NONGE are thereforeinconclusive.Finally, nesting is merely a special case of overlapping (see Figure 3-7). Wewould therefore expect NONGE to perform much better than NGE. OverallWettschereck�s results indicate that reducing the amount of overgeneralisationincreases the performance of NGE, which supports this thesis. Nesting default andexception conjuncts does not necessarily reduce classification performance, butovergeneralisation caused by ad hoc nesting of rectangles has an adverse effect. Thebest representation of a particular problem may contain nested conjuncts, but NGE isunlikely to find it.

Nested ExemplarsOverlapping Exemplars

Figure 3-7. Nested vs overlapping exemplars3.4 Other generalisation methodsCreating hyperrectangles is just one possible method for generalising exemplars. Inpractice, we may use any generalisation technique. For example, an instance-basedlearner might use ID3 (Quinlan, 1986) to produce a decision tree, and convert eachleaf node into a generalised exemplar of the form shown in Figure 3-8. A1andA3aredecision nodes in the induced tree.

40The problem is that this still adopts the generality bias of ID3, and so does notsolve the problem of representing small disjuncts. However, it does solve the problemof what to do when a new example does not satisfy any rules, by applying thedistance function.Conceptual clustering algorithms are also possible candidates. The most generalclusters that contain examples of a single class may be used as generalised exemplars.Like ID3, the problem is still that the bias of this type of learning scheme is toogeneral.An interesting alternative is hypersphere generation (Smith et al, 1990). Instead ofrecording a range of values for each feature, a hypersphere has a centre c and a radiusr. Examples whose distanced from the centre is less than r fall within thehypersphere. The centre and radius are determined by computing the mean of eachfeature and the standard deviation in values for all features. While this approach maywork well for some domains it has not been extensively tested, and is restricted tonumeric domains.In summary, we have chosen hyperrectangle generation as described as themethod for exemplar generalisation because it represents a bias somewhere betweenthe specificity of nearest neighbour and the generality of rule induction. As with ruleinduction methods it uses the well understood technique of partitioning the problemspace using axis-parallel hyperplanes, allowing the results to be compared to otherpopular machine learning techniques without the added complication of a differentconcept representation.

Class = p ifA1 = 1AND

A2 = any valueAND

A3 = 4AND

A4 = any valueAND

A5 = any value

Figure 3-8. Exemplar generalised by ID3

414 Generalising using non-nested hyperrectanglesThis chapter introduces Non-Nested Generalised Exemplars (NNGE), a novelalgorithm that generalises exemplars without nesting or overlap. NNGE is anextension of NGE (Salzberg, 1991), which performs generalisation by mergingexemplars, forming hyperrectangles in feature space that represent conjunctive ruleswith internal disjunction. NNGE forms a generalisation each time a new example isadded to the database, by joining it to its nearest neighbour of the same class. UnlikeNGE, it does not allow hyperrectangles to nest or overlap. This is prevented by testingeach prospective new generalisation to ensure that it does not cover any negativeexamples, and by modifying any generalisations that are later found to do so. NNGEadopts a heuristic that perfoms this post-processing in a uniform fashion.In contrast, NGE (Salzberg, 1991) generalises when the nearest exemplar has thesame class as the new example. If it does not, the next closest exemplar is examined.If this one has the correct class, it is generalised. This heuristic permits a reasonablelevel of generalisation while preventing the gross overgeneralisation that would occurif every example was generalised to its nearest neighbour of the same class, eventhough that exemplar may be far away in feature space with many interveningnegative examples. Because NNGE prevents overgeneralisation by correcting anyoverlap or nesting, it does not require this �second chance� heuristic. Instead it alwaystries to generalise new examples to their nearest neighbour of the same class, but ifthis is immediately impossible due to intervening negative examples, nogeneralisation is performed. If a generalisation later conflicts with a negativeexample, it is modified to maintain consistency.4.1 Algorithm summaryNNGE learns incrementally by first classifying, then generalising each new example.It uses a modified Euclidean distance function that handles hyperrectangles, symbolicfeatures, and exemplar and feature weights. Numeric feature values are normalised bydividing each value by the range of values observed. The class predicted is that of thesingle nearest neighbour. NNGE uses dynamic feedback to adjust exemplar andfeature weights after each new example is classified. When classifying an example,one or more hyperrectangles may be found that the new example is a member of, butwhich are of the wrong class. NNGE prunes these so that the new example is no longera member.

42Once classified, the new example is generalised by merging it with the nearestexemplar of the same class, which may be either a single example or ahyperrectangle. In the former case NNGE creates a new hyperrectangle, wheras in thelatter it grows the nearest neighbour to encompass the new example.Overgeneralisation, caused by nesting or overlapping hyperrectangles, is notpermitted. Before NNGE generalises a new example, it checks to see if there are anyexamples in the affected area of feature space that conflict with the proposed newhyperrectangle. If so, the generalisation is aborted and the example is stored verbatim.Figure 4-1 summarises the complete algorithm.4.2 Classifying a new exampleNNGE classifies new examples by determining the nearest neighbour in theexemplar/hyperrectangle database using a Euclidean distance function. This functionis modified slightly to enable it to compute the distance from hyperrectangles. Thefunction (identical to that used by NGE) is:

DEH = WH Wi Ei − Hi maxi − mini 2 i=1m∑

where

Ei

is the i th feature value in the example,

Hi

is the i th feature value in theexemplar, and

WH

and

Wi

are exemplar and feature weights. The featuredifference

Ei − Hi

for ungeneralised exemplars is the difference between the featurevalue of the example and that of the exemplar, while for hyperrectangles it is definedas

Ei − Hi = Ei − Hupper when Ei > Hupper

Hlower − Ei when Ei < Hlower

0 otherwise

where

Hupper

and

Hlower

are the boundaries of the hyperrectangle for this feature. Forsymbolic attributes, the distance is trivialised to

Ei − Hi ( ) = 0

if

Ei

is in the exemplar/hyperrectangle

( ) =1

if is not in the exemplar/hyperrectangleHaving computed the distance between the new example and all exemplars andhyperrectangles, NNGE chooses the class of the closest one. In the event of a tie, itchooses the class with the most exemplars at the minimum distance.NNGE treats missing attributes by ignoring them; if the attribute is missing foreither the example or the exemplar against which it is being compared, it does notcontribute to the distance function. The final distance is divided by the number of

43non-missing attributes so that exemplars with all attribute values present are notpenalised (Salzberg does not describe how NGE treats missing values).

While (more examples) read example store example adjust attribute ranges classify example:

while (more rectangles) compute distance from new example to rectangle if (distance < min distance so far for this rectangle�s class) set class minimum distance to this distance set class count to 1 if (distance = min distance so far for this rectangle�s class) increment class count by 1 while (more ungeneralised exemplars) compute distance from new example to exemplar if (distance < min distance so far for this exemplar�s class) if (distance = min distance so far for this exemplar�s class) return class with lowest distance and highest count return first exemplar/hyperrectangle found with this class/distance adjust model:

if (correct prediction) increment positive count for this exemplar/hyperrectangle elseincrement negative count for this exemplar/hyperrectangle if (exemplar falls inside a hyperrectangle of another class) prune this overgeneralised hyperrectangle elseadjust weights for attributes with differing values generalise the new example:

if (nearest neighbour was a hyperrectangle) extend each feature range to include the new example if (extended rectangle covers conflicting examples/rectangles) restore hyperrectangle to original size store the new example verbatim elseretain modifications to the hyperrectangle discard example if (nearest neighbour was a single example) create a hyperrectangle that covers the two examples if (new rectangle covers conflicting examples/rectangles) discard the new hyperrectangle elseretain the new hyperrectangle

Figure 4-1. NNGE algorithm

444.3 Exemplar generalisationNNGE always generalises an example to its nearest neighbour of the same class ifpossible. If this generalisation fails because the new rectangle covers a conflictingexemplar, no further attempt to generalise is made. In contrast, NGE adopts the secondchance heuristic if the nearest exemplar does not have the correct class.4.3.1 Creating /growing hyperrectanglesNNGE stores hyperrectangles as exemplars with an extended format for storing featurevalues. For continuous features, minimum and maximum values are stored whichdescribe the range of values covered by the hyperrectangle. For symbolic features alinked list is maintained for each feature listing the feature values covered by thehyperrectangle. Figure 4-2 presents the data structure for a hyperrectangle.Symbolic_attributes is an array containing a pointer for each symbolic attribute to itslinked list of feature values, and numeric_attributes is an array of minimum andmaximum values for numeric attributes.To add a new exemplar to a hyperrectangle, the features that do not alreadyoverlap with the new example are extended. For numeric features the minimum isdecreased or the maximum increased so that the range of values now covers the newvalue. For symbolic features the new feature-value is added to the list of values if it isnot present already.

struct rectangle

{charclass;

intpositive_count;

intnegative_count;

struct symbolic_attribute

{charvalue;

struct symbolic_attribute*next;

} *symbolic_attributes[MAX_ATT];

struct numeric_attribute

{intmin;

intmax;

} numeric_attributes[MAX_ATT];

} ;Figure 4-2. Hyperrectangle data structure4.3.2 Preventing overgeneralisationOvergeneralisation is prevented in two ways: by checking all generalisations forconflict before implementing them, and by detecting unavoidable conflicts andremedying them.

45Before growing a hyperrectangle, NNGE checks the new part to see if it covers anyconflicting examples or overlaps any other rectangles. If either of these conditions ismet, it abandons the generalisation and stores the new example as a single exemplar.When a hyperrectangles is created, it is checked in the same way. If a conflict exists,NNGE rejects it in favour of retaining two exemplars.The incremental nature of NNGE means that examples may be introduced to thesystem that conflict with one or more existing hyperrectangles. NNGE checks thiscondition as each new exemplar is presented. If a hyperrectangle of the wrong classcovers the new example, it is shrunk so that it no longer does. This operation isperformed before the new example is generalised.To exclude the new example from the offending hyperrectangle, it is necessaryonly to reduce the size of the hyperrectangle along a single feature axis. For symbolicfeatures NNGE adopts the following heuristic to decide which feature to trim:Select the feature for which the feature-value to be removed predicts the classof the hyperrectangle the least well.In other words, NNGE checks each feature-value of the conflicting new example tosee what proportion of examples with that feature-value have the same class as thehyperrectangle, and removes the one with the smallest count.For continuous domains it is not practical to check individual values. Instead, therange between the two adjacent examples along the axis under test is used, since thiswill determine the two new boundaries of the shrunken hyperrectangle. Note that ifthe conflicting point is in the middle of the hyperrectangle along this axis, NNGE willdivide the hyperrectangle rather than shrink it. Figure 4-3 illustrates an example ofsplitting along a numeric feature. The dashed rectangle represents the class black.When the white example is introduced, the generalisation becomes inconsistent. Toovercome this, the rectangle is divided, the inner boundaries are set at the next closestexamples along the x axis (labelled a and b), and the resulting pair of hyperrectangles,shown in solid lines, are resized to fit the examples that they cover exactly.4.4 The distance functionLike many nearest neighbour systems, NNGE uses dynamic feedback to alter its viewof the exemplar database. This is mainly to overcome problems of the exemplardatabase not accurately representing the underlying information, such as noisy data,missing data, and insufficient examples to represent accurately actual populationdensities. Modifying the Euclidean distance function to cope with variable exemplarreliability and feature importance leads to an overall improvement in classification

46performance. There are many ways of achieving these aims. The methods chosen arenow discussed.

abFigure 4-3. Splitting a hyperrectangle along a numeric feature4.4.1 Dynamic feature weightingA major problem with systems that use a Euclidean distance function to determinesimilarity is that the scale of each attribute is unknown. A difference of 0.1 of therange of possible values may be insignificant in attribute a, but very important inattribute b. Combining symbolic and numeric attributes exacerbates this problem.How far apart must two numeric values be before the difference is as important astwo dissimilar symbolic values?NNGE, like NGE, uses dynamic feature weighting to overcome this problem. Eachtime it classifies a new example, the weight for each attribute is modified according towhether or not the classification was correct, and whether or not this attribute had thesame value for the new example and the nearest neighbour. This is a common methodof scaling attributes.NGE (Salzberg, 1991) uses a very simple dynamic weighting scheme to alter thescale of each attribute in relation to the others. If the new example classified correctly,it increases the weight of like attributes, and decreases that of unlike ones. If itclassified incorrectly, the reverse is true. While this scheme is better than notweighting attributes at all, it has drawbacks. If the classification performed wascorrect, it is reasonable to assume that the weights are correct, so there is no reason tochange them. Furthermore, if an attribute has like values, altering its weight will haveno effect on the classification decision. Altering unlike values, on the other hand, willalter the distance, and so may influence the classification decision.NNGE adopts a weighting scheme that takes these two points into account. If itclassified a new example correctly, it leaves the weights unchanged. If it classifiedincorrectly, it increases the weights for those attributes that differed, accentuating thedifference.

47NGE (Salzberg, 1991) is very sensitive to the amount d that it alters the weights ateach step. For example, for the Iris domain 1.0 is the best weight for each attribute,and performance degrades markedly as d increases. NNGE performs very well for anyreasonable value of d, regardless of domain. This suggests that NGE performsunnecessary weight adjustments that have a detrimental effect on classification. Inparticular, for the Iris domain, classification performance is very high from thebeginning. NGE continuously modifies the weights even when the system isclassifying correctly. In contrast, NNGE modifies them only when a mistake is made,and so the weights for the Iris domain remain more stable over the learning period.NNGE performs very well for the Iris domain with any value of d between 1.0 and 1.5,supporting the validity of the modify-if-wrong approach to weight adjustment.Both schemes assume that the scale for each attribute is linear, which may not bethe case. For a numeric feature, the distance between any two values might have ahyperbolic effect on the similarity measure, for example. Also, along any particularaxis there may be collections of values that can be considered similar for the purposeof classification, while others are very different. There may be some areas where thevalue of this attribute is completely irrelevant.This problem is solved in part by the nature of the instance-based approach. Givena sufficient number of examples, an area where the values of a feature can beconsidered the same for classification should produce a cluster of points of the sameclass. An area where the attribute is completely irrelevant should produce an evenspread of points of all classes. Performance in these regions will therefore depend onhow well the distribution of exemplars models the spread of examples over the entiredomain. We would therefore expect classification performance in these two cases toimprove as the number of exemplars increases.Generalised exemplars help the first case, by producing rectangles that cover areasof like classification, thereby increasing the significance of the attribute over therange where points are clustered. During the early stages of learning when the numberof points is low, gaps in these areas will be filled in by generalisation. On the otherhand, overgeneralisation will almost certainly occur due to the absence of negativeexamples to prevent the growth of over-sized rectangles.For symbolic attributes the problem is more complex. Given possible values of A,B, and C, the relative distances between A and B, B and C, and A and C areunknown. Generalising the exemplars does not address this problem, although itreduces its effect by reducing the proportion of cases in which the distance functiondetermines the class.One solution is to construct a value difference metric (Stanfill and Waltz, 1986),which records a computed difference between each value and each other value.PEBLS (Cost and Salzberg, 1994) achieves this by making two passes over the data.

48During the first pass, it uses Bayesian probability to compute the value distancemetric for all possible pairs of attribute values. During the second, it adopts thesemetrics to aid classification and learning. This approach is very successful, but suffersfrom a lack of incrementality, one of the major advantages of instance-based learning.In a complex problem space requiring many rules to represent the learnedconcept, the importance of each attribute will vary depending on the rule. A systemthat assumes that attribute importance is constant imposes a restriction upon the rulesets that it can learn (Cendrowska, 1987), and will perform poorly on any problem forwhich this criteria is not met. Similarly, a weighting system that assigns a singleweight to each attribute will suffer from this restriction.Generalised exemplars reduce this problem. Consider the two-attribute exampleillustrated in Figure 4-4(a). In the absence of any weighting scheme, the new pointappears closest to a point of class b. The layout of the points, however, suggests thatthe correct classification for the new point is a. Weighting of the attributes willprobably produce good results in this simple case. Generalisation of the points,however, can exactly capture the desired concept, leaving only the area between the band c clusters and the area to the left of b�about which nothing is known�as areasof unknown class, as shown in Figure 4-4(b). The need to weight attributes differentlyby rule is now less important.

b b b c c c ca b

c(a)(b)a a a a a

Figure 4-4. A two-attribute exampleThe effect of a single incorrect classification on the weighting scheme shouldreduce as more examples are introduced into the exemplar database. NNGE and NGE(Salzberg, 1992) both adjust the weights by a fixed amount each time, so the effect ofa single incorrect classification late in learning is as drastic as one early on. Salzbergnotes that this can lead to oscillation, and suggests altering weights for a short periodonly, after which they remain fixed. In practice, the feature weight methods adoptedby NNGE and NGE both perform well on some domains, and poorly on others,indicating that neither are ideal. More elaborate dynamic feature-adjustment methods

49perform better than either of those described above (Aha 1992, Wettschereck et al,1994).4.4.2 Exemplar reliabilityExemplar weighting provides a method for weeding out those exemplars containingnoise. Noisy examples degrade classification performance by matching incorrectly tonew examples, or by returning an erroneous class.Also, the examples given to the system will often not represent the underlyinginformation in terms of what proportion of examples lies within each region of theproblem space. In particular, the input set is often devoid of duplicates, even thoughduplicates may occur frequently. If an example being classified is equally close to twoexemplars, it is reasonable to choose the more common one to determine the newexample�s class.NGE (Salzberg, 1991) handles this phenomenon, sometimes called prototypicality,by weighting the distance function according to the number of correct and incorrectpredictions made by each exemplar. Bareiss and Porter (1988) determinedexperimentally that prototypicality is important to classification in instance-basedlearning systems.A commonly used solution for screening out noise is to keep track of the numberof correct and incorrect predictions made by each exemplar. This rests on twoassumptions. First, the more common an exemplar is in real life, the more likely it isto lead to a correct prediction. Conversely, if an exemplar is very often the closest tothe example being classified and if it leads to a large number of correct predictions, itis likely that this is because a large number of examples of this class lie within thisregion of problem space. Second, by tracking both the correct and incorrectpredictions, exemplars that lead to incorrect predictions can be penalised. Suchexemplars are likely to be either noisy or very atypical.When generalising exemplars, this weighting scheme also gives an idea of therelative density of points within the generalisation space. The scheme employed inNGE (Salzberg, 1991) is

Wi = p + np

where p is the number of correct predictions made by this exemplar, and n is thenumber of incorrect predictions. The calculated distance is therefore divided by theratio of correct to total predictions.This weighting scheme has problems. In particular, if p is very small compared ton, as may occur at the start of the learning session,

Wi

rapidly becomes very large andso the exemplar is unlikely to ever make another prediction. NGE therefore considers

50only those exemplars that start well. Only when the weights for all of the others growsimilarly large will the weight of a penalised exemplar be corrected again. Thefollowing scheme is proposed as an alternative:

Wi' = np + n

In the event of an exemplar performing badly at the start of the learning cycle,

′Wi

remains around one, while for those that classify well

approaches zero. Theseexemplars, if erroneously rewarded, soon begin to accumulate negative predictions,and so return to a more realistic value.In summary, NGE�s weighting scheme penalises heavily, while NNGE�s rewardsheavily. A heavily penalised exemplar drops out of consideration and therefore isnever corrected, while a heavily rewarded exemplar is considered more often, and soits weight is continuously refined.New exemplars and generalisations must be given an initial value for p and n.NGE uses initial values of p=1 and n=0, giving a default weighting of 1/1. This giveseach new exemplar the best possible weighting. It will therefore favour the newexample over all previous exemplars until it has accumulated an appreciable numberof positive and negative predictions to weight it more fairly.A better method might be to give each new example an �average� weighting, saythe average of all current exemplar weights. Cost and Salzberg (1994) suggest that thenew exemplar be given the weighting of its nearest neighbour of the same class. Thenew exemplar therefore begins with a weighting from a point nearby in the problemspace. This assumes that if a point in space has a particular prototypicality, the areaclose to it will be similar. NNGE adopts this initialisation method.4.5 SummaryNNGE is a novel algorithm for generalisation of exemplars in nearest neighbour thatimplements several new methods. They are:¥it always tries to generalise new examples to their closest neighbour of the sameclass;¥if a new generalisation would conflict with other examples or hyperrectangles, itis not performed;¥if an existing hyperrectangle conflicts with a new example, it is pruned;¥it uses a new dynamic exemplar weight formula that rewards, rather thanpenalises, exemplars in memory;

51¥it uses a new dynamic feature weighting method that only alters the weights ofincorrectly classifying exemplars.The next chapter describes testing of the NNGE algorithm.

525 ExperimentsIn the field of machine learning, it is often difficult to compare results to thosepublished by others because crucial details regarding the test environment aremissing. The proportion of a dataset used to train and test the system can have a largeeffect on the result. Cross validation is a common form of testing, where many runsare performed, partitioning the input data set into various random training andvalidation sets. Leave-one-out testing has recently gained popularity as a method ofdoing this, whereas previously a 90%—10% split was more common. Results obtainedfrom these two testing regimes are not directly comparable, because a system testedusing the leave-one-out strategy has the advantage of a larger input dataset, and socan be expected to perform better. Often the proportion of examples used to train thesystem is not mentioned at all, and so the tests cannot be replicated.The dataset itself may also have been modified. Classes may be removed becausethe tester feels that they are not adequately represented by the data, or they may bemerged to reduce the problem to a two-class variety. The tester may merge, partition,or remove feature values in the interests of improving the performance of theclassification system under test.Finally, the learning system itself may be subject to tuning. C4.5, for example(Quinlan, 1993), prunes the resultant decision tree, this action being controlled by aset of parameters. A recent survey reports several published results for C4.5 forvarious standard datasets, the difference between the lowest and highest scores beingtypically 2% (Holte, 1993). While such results are useful for comparing theapproximate performance of different learning systems, systems that performsimilarly cannot be compared accurately.5.1 Test methodNNGE was tested by validating the following four hypotheses:¥Hypothesis 1: Generalised exemplars increase the performance of nearestneighbour systems by improving the representation of large disjuncts;¥Hypothesis 2: Producing exclusive generalised exemplars results in a useful setof rules that may be compared with those produced by other rule inductionmethods;

53¥Hypothesis 3: Generalised exemplars reduce classification time withoutsacrificing accuracy;¥Hypothesis 4: A learning system using non-nested generalised exemplars showsbetter classification performance than one using nested generalised exemplars.NNGE was tested empirically by using a selection of commonly used datasets andcomparing the results obtained to those published for NGE (Salzberg, 1991), C4.5(Quinlan, 1993), and the composite learner (Ting, 1994). For hypotheses one, two andfour classification performance is being tested, while for hypothesis three it isclassification speed. The learning system was trained on a subset of the total dataset,and then tested against the remaining examples, ensuring that the test set containedonly previously unseen examples. Testing was repeated a fixed number of times, witha different split of the dataset being used each time.The datasets used to test the hypotheses were all obtained from the UCI machinelearning data repository1. Table 5-1 summarises the testing details for the domainsused. Some domains were used twice because they were compared to the resultsreported in both (Ting, 1994) and (Wettschereck and Dietterich, 1994), underdifferent conditions. Columns four and five give the number of training and testexamples used when comparing results with NGE (Wettschereck and Dietterich,1994). Columns six and seven give the same information for comparing results withthe composite learner (CL) and C4.5 (Ting, 1994). The data contained within theexamples was not altered in any way.A set of 25 input files was produced from each data file. This was done to ensurethat any differences in performance observed during testing were purely because ofchanges in the system under test, and not because of differences in the input data.Unfortunately, this is not the case when comparing with published results, as theactual datasets used are not known. The first file in each case is the orignal datasetfrom the UCI repository. The second is produced by taking the last 1/25 of thedatafile and moving it to the top of the file. This process is repeated 25 times, giving25 different input datasets.NNGE was then run using each datafile. The first t examples were used to train thesystem, where t is given in columns four and six of Table 5-1, depending on whichsystem the results are to be compared with. The system was then tested on theremaining examples. The number correctly classified was summed over the 25 runs,and divided by the total number of examples tested to give the classificationperformance for each domain.

1 This repository resides at the University of California, Irvine. The data files may be obtained viaanonymous FTP from ics.uci.edu, in directory ~/pub/machine-learning-databases.

54Database Name# classes# featuresNGE# trainNGE# testCL# trainCL# test

Iris3410545

Led-71071802018020

Led-2410241802018020

Waveform-2132130010027030

Waveform-4034030010027030

Cleveland heart disease21321291

Hungary heart disease21320688

Voting records216305130

Breast cancer-wisconsin2962970

Promoter2579610

Monks-226169432

Diabetes2869177

Hepatitis21914015

Table 5-1. Test domain details5.2 Test domainsThe datasets used to test the hypotheses presented in this thesis were all obtainedfrom the UCI machine learning data repository. The following paragraphs summariseeach dataset used. This information was also obtained from the data repository.Iris The examples in this dataset represent 150 iris flowers, where each isdescribed by four measurements of its dimensions, and is classified into one of threeclasses according to its variety. One of the classes, Setosa, is linearly separable, andthe other two almost so. This domain tests the ability of the system to detect simpleconcepts. It is an exceedingly easy domain to learn, with many systems achievingaround 95% accuracy.Led-7 This artificial domain contains examples representing the set of tendecimal digits on an LED display. Each example contains seven boolean attributes�the seven segments of an LED display�and the class. The problem would be easywith one example per class being sufficient to describe the ten concepts, if it were notfor the introduction of noise. Each attribute, excluding the class, has a 10% chance ofbeing inverted. There are no missing values. The optimal Bayes classification rate forthis database is 74%, compared to 71% for nearest neighbour and 72.6% for C4.5.Learning methods such as IB3 (Aha, 1992) that are very sensitive to noise performpoorly on this domain.Led-24 This is the same as the above domain but with seventeen irrelevantattributes added, making it a much more difficult domain to learn. It tests the abilityof the system to determine the usefulness of each attribute. Pure nearest neighboursystems do not do this, and so perform very poorly on this domain. IB1, IB2, and IB3

55(Aha, 1992) for example, achieve a classification accuracy of 42 to 47% compared to72% for C4.5, and the optimal Bayes classification rate of 74%.Waveform-21 This dataset is similar to LED-7 but for a numeric domain. Eachinput example represents an artificially created waveform described by 21 numericvalues, with 10% noise added. Two of three possible base waves are combined toform the initial wave, to which the noise is then added. Learning systems must be ableto tolerate noise in numeric features to do well on this domain. Table 5-2 lists somereported classification performances (Breiman et al, 1984).SystemAccuracy (%)

CART72

NN78

Bayes86

Table 5-2. Waveform-21 performanceWaveform-40 This domain is the same as waveform-21 but with nineteenirrelevant attributes added, making the problem much more difficult. Table 5-3reports some previous results (Breiman et al, 1984).SystemAccuracy (%)

NN38

C4.569

Table 5-3. Waveform-40 performanceCleveland heart disease The examples in this database represent heart diseasepatients described by 75 attributes, but all published experiments use a subset ofthirteen of them. Attributes are both continuous and nominal. The class identifies thepresence of heart disease in the patient; it is an integer valued from 0 to 4.Experiments with the Cleveland database have concentrated on attempting todistinguish presence from absence, and so reduce the problem to a two-class variety.This is true of the data files used to test NNGE. The dataset contains several missingvalues. Table 5-4 lists some previously published results.

56SystemAccuracy (%)Reference

NTgrowth77.9Aha, 1991

C4.575.4Aha, 1991

CLASSIT78.9Gennari et al, 1989

Table 5-4. Cleveland performanceHungarian heart disease This database is for the same problem as the Clevelandheart disease database, but with the data being provided from a different clinic. Morevalues are missing than in the Cleveland database.Voting records This dataset contains examples representing the votes cast foreach of the US House of Representatives Congressmen on the sixteen key votingissues identified by the Congressional Quarterly Almanac, 1984. The CQA lists ninedifferent types of votes: voted for, paired for, and announced for (simplified to yea),voted against, paired against, and announced against (simplified to nay), votedpresent, voted present to avoid conflict of interest, and did not vote or otherwise makea position known (simplified to unknown disposition). The class identifies Democrator Republican party affiliation. Approximately 4% of attribute values are missing. Atypical classification performance for this database is 90 to 95%.Breast cancer-wisconsin (bcw) The examples in this dataset represent 699 cancersufferers. Instances are described by nine attributes, all of which are medical testresults. Each instance has one of two possible classes, benign or malignant. Samplesarrive periodically as clinical cases are reported. The database therefore reflects thischronological grouping of the data. This dataset can be partly represented by a singlerule involving three attributes, which predicts unseen examples to around 95%accuracy. Failure to capture this rule results in very low classification accuracy. Thisrule was first reported by Mangasarian and Wolberg (1990), who noted that threepairs of parallel hyperplanes give a predictive accuracy of 95.9%.Promoter The instances in this dataset represent E. coli promoter gene sequences.Each instance contains 57 nucleotides representing a portion of a DNA genesequence. Each nucleotide may be one of four types, represented by a nominal value.Learning systems usually attempt to determine the length of gene sequence requiredto predict whether the gene sequence centred about a particular gene is E. colipromoting. Table 5-5 lists some previously reported classification performances forthis dataset (Towell et al, 1990).

57SystemAccuracy (%)

KBANN96.2

BP92.5

O�Neill88.7

NN87.7

ID382.1

Table 5-5. Promoter performanceMonks-2 The Monks� problems were the basis of an international comparison oflearning algorithms, summarised by Thrun et al (1991). One significant characteristicof this comparison is that it was performed by a collection of researchers, each of whowas an advocate of the technique they tested, and often was the creator of the method.In this sense, the results are less biased than in comparisons performed by a singleperson advocating a specific learning method, and more accurately reflect thegeneralisation behaviour of the learning techniques as applied by knowledgeableusers. There are three Monks� problems, the domains for all of which are artificial,containing six nominal attributes. Each domain contains a concept that requires amore complex representation than the usual conjunction of attribute values. For eachproblem the domain has been partitioned into a train and test set, the training setbeing a small subset of the test set. MONKS-2 is interesting because the targetconcept is one that cannot be represented by a small conjunctive rule set. The targetconcept is:exactly two of {a1 = 1, a2 = 1, a3 = 1, a4 = 1, a5 = 1, a6 = 1}The equivalent concept in conjunctive rules is:{a1 = 1 ^ a2 = 1 ^ a3 „ 1 ^ a4 „ 1 ^ a5 „ 1 ^ a6 „ 1 } v{a1 = 1 ^ a2 „ 1 ^ a3 = 1 ^ a4 „ 1 ^ a5 „ 1 ^ a6 „ 1 } v{a1 = 1 ^ a2 „ 1 ^ a3 „ 1 ^ a4 = 1 ^ a5 „ 1 ^ a6 „ 1 } v{a1 = 1 ^ a2 „ 1 ^ a3 „ 1 ^ a4 „ 1 ^ a5 = 1 ^ a6 „ 1 } v{a1 = 1 ^ a2 „ 1 ^ a3 „ 1 ^ a4 „ 1 ^ a5 „ 1 ^ a6 = 1 } v{a1 „ 1 ^ a2 = 1 ^ a3 = 1 ^ a4 „ 1 ^ a5 „ 1 ^ a6 „ 1 } v{a1 „ 1 ^ a2 = 1 ^ a3 „ 1 ^ a4 = 1 ^ a5 „ 1 ^ a6 „ 1 } vetcAccordingly, rule inducers that attempt to discriminate attributes such as C4.5(Quinlan, 1993) do not perform very well with this dataset, while nearest neighbourmethods fare better.

58Pima Indian diabetes Originally owned by the National Institute of Diabetes andDigestive and Kidney Diseases, this domain represents test results for 768 patients.The diagnostic, binary-valued variable investigated is whether the patient shows signsof diabetes according to World Health Organisation criteria. The population lives nearPhoenix, Arizona, USA. Several constraints were placed on the selection of theseinstances from a larger database. In particular, all patients here are females at least 21years old of Pima Indian heritage. All attributes are numeric.Hepatitis The original source of this database is unknown. It documents 155hepatitis sufferers, classifying them according to whether they lived or died. Patientsare represented by nineteen nominal valued attributes, one of which has been derivedfrom a continuous value. This domain contains missing values.5.3 Test resultsThis section reports the test results.5.3.1 Hypothesis 1: Improved classification performanceTo verify that nested generalisation leads to significant performance improvements,NNGE was tested against standard nearest neighbour, C4.5 (Quinlan, 1993) and thecomposite learner (Ting, 1994).5.3.1.1 Generalised vs non-generalised exemplarsNNGE can be run with generalisation disabled. This provides a nearest neighboursystem with identical characteristics. Doing so isolates the performance differencedue to exemplar generalisation, because all other variables, such as exemplar andfeature weights, are held constant. Thirteen domains from the UCI database were usedfor this purpose, giving wide variations in the number, type, and spread of attributevalues. Some of the domains are artificial, and give insight into how NNGE performswhen faced with problems such as noisy or irrelevant attributes. The Monks-2 domainillustrates the ability of both ungeneralised and generalised exemplars to represent acomplex concept.A batch version of NNGE is used for this and all subsequent tests except forcomparisons with NGE. This is identical to the incremental version except that itconsiders all training exemplars before making each generalisation decision, ratherthan just those classified so far. Table 5-6 summarises the classification performanceobserved, and the same results are presented graphically in Figure 5-1.The following points summarise the observed performance of NNGE.

59¥classification performance is improved in eight of the thirteen domains;¥classification performance is unaffected in one domain (Iris);¥performance is reduced for four of the domains, only one of which�Waveform-24�shows a substantial decrease in classification performance;¥performance is substantially improved for four of the domains.DomainNNGEnearest neighbour

Iris94.794.7

Led-769.470.2

Led-2455.239.2

Waveform-2168.669.4

Waveform-4064.670.2

Cleveland80.780.0

Hungary81.577.8

Voting92.985.7

Bcw95.494.0

Promoter78.077.6

Monks-282.281.7

Diabetes71.672.1

Hepatitis83.278.4

Table 5-6. NNGE vs nearest neighbourGeneralisation vs no generalisation(NNGE - NN)-10-505101520

Iris

Led-7

Wave-21

Wave-40

Cleveland

Hungary

Voting bcw promoter monks2 diabetes hepatitis led24Figure 5-1. Generalised vs non-generalised exemplarsOf the four domains showing a decrease in performance, three of them�waveform-21, waveform-40 and led-7�are artificial domains that test for robustnessagainst noise. This result suggests that the NNGE method is problematic when asignificant level of noise is present. LED-24 is a symbolic domain containing manyirrelevant features. The large improvement in classification performance of this

60domain�over 15%�suggests that NNGE is able to reduce the effect of irrelevantattributes.5.3.1.2 The small disjuncts problemAs discussed earlier, nearest neighbour methods perform well at representing smalldisjuncts, while rule inducers such as C4.5 perform better when the dataset representslarge disjuncts. Section 3.1.1 proposed that generalised exemplars can represent both,because they combine the specificity bias of nearest neighbour with the generalitybias of rule induction. If this is the case, we would expect NNGE to perform betterthan both nearest neighbour and the popular rule inducer C4.5 (Quinlan, 1993) and toperform comparably to, if not better than, the composite learner (CL) described inSection 2.5.1 (Ting, 1994). Because both C4.5 and the composite learner are non-incremental, a batch version of NNGE was used to compare results with these twomethods. This algorithm is the same as incremental NNGE, except it considers alltraining exemplars each time it classifies and generalises a training example, ratherthan just those observed so far. NNGE was tested against eight of the domains used totest the composite learner, with the number of runs and test to training data ratiobeing the same as used by Ting (1994). We can therefore compare the results directlyto those of the composite learner.Furthermore, this implementation adopts the feature weighting described inSection 4.5, with the value of df set at 1.2, this being the weighting that gave the bestoverall results. In practice, any value of df between 1.05 and 1.5 produces similarresults. Table 5-7 lists the observed classification performance of NNGE, C4.5, IBL(selective use of IB1, IB2 or IB3 depending on which performs best), and CL. Allresults except those for NNGE are taken from Ting (1994).Figure 5-2 plots the difference in classification performance between NNGE andCL, and C4.5. This graph shows that:¥NNGE outperforms C4.5 in six of the eight domains tested. The improvement isgreater than 5% for three domains and greater than 15% for one of thesedomains;¥NNGE is less accurate than C4.5 for two of the eight domains;¥performance of NNGE is better than the composite learner for half of thedomains and worse for the other half;¥in five of the eight cases NNGE is better than both IBL and C4.5.NNGE often performs better than both IBL and C4.5, suggesting that it is better athandling small disjuncts than either system. The two domains for which performance

61is worse than C4.5 are again the two artificial domains with a high level of noiseadded. Performance was about the same overall as the composite learner.DomainNNGECLIBLC4.5

Bcw95.496.195.494.6

Promoter84.484.380.777.4

Monks-281.971.070.465.0

Diabetes71.274.270.270.7

Hepatitis84.881.180.776.5

Led-767.872.969.871.4

Led-2464.462.160.662.1

Waveform-4067.071.163.569.2

Table 5-7. NNGE vs CL, IBL, and C4.5Accuracy relative to C4.5-505101520

Bcw

Promoter

Monks-2

Diabetes

Hepatitis

Led-7

Led-24

Wave-40NNGECLFigure 5-2. NNGE and CL vs C4.55.3.2 Hypothesis 2: Useful rulesThe rule induction capabilities of NNGE were evaluated by comparing it to ID3(Quinlan, 1986). The coverage of the training set by the largest hyperrectangle perclass was measured for several domains. The hyperrectangle generation procedureadopted by NNGE does not try to produce the smallest number possible. Rectanglescan therefore be created that were not joined together by NNGE but are capable ofbeing merged. A post-processor was added to the batch version of NNGE that mergesany hyperrectangles where this is possible without losing consistency. Rules werethen generated by training NNGE on the entire dataset, and converting eachhyperrectangle into a rule of the form shown in Figure 3-2. ID3 was trained using thesame dataset, and each leaf node converted into a rule. This is the simplest way that

62rules can be induced from a tree. Better results may be obtained using more complexmethods. The results for the two systems were compared to determine how well NNGEproduces useful rules compared to the tree inducer.High coverage indicates that the rules are very general, and will be applicable tomany new examples. Table 5-8 lists the percentage of the training set covered by thelargest hyperrectangle per class.Figure 5-3 plots the percentage of the training set covered by the largest rule foreach class compared to ID3. An ideal result would be a 100%, indicating that NNGEhas created a single rule for each class. This result is unlikely in practice, as theconcepts to be learned may not be representable by a single axis-parallelhyperrectangle.DomainNNGE coverage (%)ID3 coverage (%)

Monks-217.08.2

Voting81.281.4

Bcw70.267.5

Promoter46.726.2

Table 5-8. Coverage of largest ruleLargest rule coverage (%)0102030405060708090Monks-2VotingBcwPromoterNNGEID3

Figure 5-3. Dataset coverage by largest ruleIn all cases tested, the coverage by the largest hyperrectangle is comparable to, ifnot better than, that of ID3. Significant improvements are observed for the Monks-2and Promoter domains, both of which contain concepts that are not easily representedby single attribute-value tests. Here the hyperrectangle representation fares better

63because it is more flexible. Table 5-9 lists the largest rule represented by both systemsfor these two domains.The voting domain is the only one where both systems produce the same mainrule. In particular, the main rules induced by both systems for the Bcw domain haveaproximately the same level of generality and yet are completely different. In all butthe voting domain, the rule induced by NNGE tests more attributes than that inducedby ID3, but each attribute test is more general. This probably reflects the different biasadopted by each systemDomainNNGEID3

Monks-2A1 „ 1 ^A2 „ 1 ^A3 „ 1 ^A4 „ 1 ^A5 „ 1 ^A6 „ 1A3 = 1 ^A4 = 1 ^A6 = 1

VotingA3 = 1 ^A4 = 2A3 = 1 ^A4 = 2

BcwA1 = (1,2,3,4,5,6) ^A2 = (1,2,3,4,8) ^A3 = (1,2,3,4,8) ^A4 = (1,2,3,4,6) ^A5 = (1,2,3,4,5) ^A6 = (1,2,3,4) ^A7 = (1,2,3,6,7) ^A8 = (1,2,3,6,7) ^A9 = (1,8)A2 = 1 ^A6 = (1,2,3,4)

PromoterA4 „ 4 ^A15 „ 3 ^A16 „ 2 ^A17 „ 1 ^A38 „ 4 ^A39 „ 2 ^A49 „ 3A15 = 3 ^A39 = 1

Table 5-9. Induced rules5.3.3 Hypothesis 3: Reduced classification timeTo determine the extent to which generalised exemplars improve the speed of nearestneighbour systems, the time taken to classify each test set was measured withgeneralisation first disabled and then enabled. Of interest also is the reduction in thetotal number of exemplars, as this gives an indication of the method�s ability tocompress large datasets. This compression is especially desirable if the learningsystem is to be run indefinitely. Table 5-10 lists the speedup and compression ratiosobserved for each domain.

64Figure 5-4 plots the ratio of time taken for NNGE to classify the instances againstno generalisation. A speedup of four, for example, indicates that NNGE took onequarter the time to classify the examples as nearest neighbour with no exemplargeneralisation. The degree of compression is a measure of the number of exemplars(including rectangles) stored by NNGE compared to those stored by non-generalisednearest neighbour. A compression value of two indicates that NNGE required only halfthe number of exemplars.With the exception of the Iris domain, generalised exemplars resulted in a similaramount of compression for all domains. The average factor was 2.6, indicating thatNNGE stored only 38% of the original instances.Domainspeedupcompression

Iris12.321.0

Led-71.41.4

Promoter3.53.1

Monks-22.12.3

Hepatitis2.92.4

Glass4.43.3

Cleveland3.33.1

Table 5-10. Speedup and compressionClassification speedupandexemplar compression0510152025IrisLed-7PromoterMonks-2HepatitisGlassClevelandspeedupcompressionFigure 5-4. Speed and compression compared to non-generalised exemplars5.3.4 Hypothesis 4: Nested vs non-nested hyperrectanglesWettschereck and Dietterich (1994) report classification results for NGE for threedifferent numbers of seed exemplars, using eight different UCI databases. The reportgives sufficiently detailed information to allow replication of the experimental setup,

65except that it does not specify the actual examples used for test and training. Giventhat they perform 25 different random runs on each dataset, tests performed using thesame datasets and the same training to testing data ratio should yield similar results.To verify this assumption, NNGE was run with nest-prevention disabled. The resultsobtained were very similar to those reported for NGE with three seeds.To test NNGE against NGE it is necessary to remove as many unknowns aspossible. To achieve this, the versions of NGE and NNGE tested were both incremental,contained no feature weighting, and used the same exemplar weighting formula. Theresults for NGE are taken from Wettschereck and Dietterich (1994). All three reportedversions of NGE�three seeds, cross-validation, and at the limit�are considered.Section 3.3.2 describes each of these. The first is a fair test of the nested generalisedexemplars paradigm, because it maximises nesting by using a small number of seedexemplars. The other two reduce the amount of generalisation performed byincreasing the number of seeds, and so are a test of the possible capabilities of NGE,given that we have relaxed the nested generalised exemplars paradigm somewhat.DomainNNGENGE3NGEcvNGElimit

Iris94.792.093.794.4

Led-766.656.059.864.2

Waveform-2167.269.370.071.5

Waveform-4060.064.264.664.9

Cleveland80.255.066.976.3

Hungary80.461.376.579.3

Voting90.464.588.484.8

Table 5-11. NNGE vs NGENNGE vs NGE50556065707580859095IrisLed-7Wave-21Wave-40ClevelandHungaryVotingNGE3NGEcv

NGElimit

NNGEFigure 5-5. Classification accuracy of NNGE vs NGE

66Table 5-11 lists classification performance of NNGE, NGE3, NGEcv, and NGElimit,and Figure 5-5 presents these results graphically. In five cases, NNGE provides betterclassification accuracy than any variant of NGE, and the difference between NNGE andNGE3 is large. NNGE is worse than NGE for the two waveform domains. These resultsalso show that increasing the number of seeds improves classification accuracy ofNGE uniformly�in some cases by a very large margin.5.3.5 Improvements to dynamic feedbackThe validity of the new dynamic feedback mechanism was established by runningNNGE both with and without feature weighting. The results were then compared tothose obtained for NGE, as reported by Wettschereck and Dietterich (1994). Table5-12 lists these results. Figure 5-6 plots the difference in performance resultingfrom the application of dynamic feedback. For both systems, the amount df thattheweights were altered for each domain was determined by cross-validation of severalpossible values. These results show that neither feature weighting system improvesclassification performance across all domains, and that the domains for which eachscheme performs well are different. Overall, the performance of NNGE�s weightingscheme was slightly better than that of NGE�s.

67DomainNNGE(no feedback)NNGE(feedback)dfNGE(no feedback)NGE(feedback)

Iris95.796.01.0593.794.0

Led-769.268.61.559.861.9

Waveform-2166.270.01.470.070.5

Waveform-4063.267.01.364.662.6

Cleveland78.679.51.0566.969.0

Hungary73.774.51.0276.577.8

Voting93.095.01.288.488.7

Table 5-12. Dynamic feedback performanceImprovement from feature weighting-2-101234

Iris

Led-7

Wave-21

Wave-40

Cleveland

Hungary

VotingNNGENGEFigure 5-6. Feature weighting improvements for NNGE and NGE

686 Summary and conclusionsThe first part of this chapter reviews earlier chapters, highlighting the contribution ofeach. The second summarises NNGE�s performance, noting strengths and weaknesses,and suggesting further research.6.1 ReviewChapter One discussed the problem of using historic data to make decisions in thefuture. It introduced instance-based learning and rule induction by generalisation astwo very different approaches to machine learning. Both have their strengths andweaknesses, making neither approach ideal for all problem domains. This thesisproposed that generalised exemplars are a way of combining the two, and sought abetter method than NGE (Salzberg, 1991). Four specific hypotheses about theperformance advantages offered by NNGE over both NGE and standard nearestneighbour methods were put forward:Hypothesis 1: Generalised exemplars increase the performance of nearestneighbour systems by improving the representation of large disjuncts;Hypothesis 2: Producing exclusive generalised exemplars results in a useful setof rules that may be compared with those produced by other rule inductionmethods;Hypothesis 3: Generalised exemplars reduce classification time withoutsacrificing accuracy;Hypothesis 4: A learning system using non-nested generalised exemplars showsbetter classification performance than one using nested generalised exemplars.Chapter Two described three methods of machine learning, namely nearestneighbour, case-based learning and rule induction. Nearest neighbour methods formthe basis of NNGE, while case-based learning is an example of generalisation ininstance-based learning. Rule induction is an alternative approach that also usesgeneralisation. The notion of a generality versus specificity bias was described andthe problem of small disjuncts was introduced. It has been suggested that smalldisjuncts are the cause of poor performance of generalisation-based methods for somedomains, and that instance-based learners perform well where small disjuncts are

69present (Holte etal, 1989). This thesis proposed that nearest neighbour systems oftenrepresent large disjuncts poorly, and that this leads to their poor performance for somedomains that are well represented by generalisation based learning systems. A motivefor combining generalisation with nearest neighbour is therefore to try to accuratelyrepresent both large and small disjuncts.Chapter Three described hyperrectangles, the method of exemplar generalisationinvestigated. The motives for generalising exemplars were discussed, giving rise tothe hypotheses. These motives are: improved classification performance of nearestneighbour, induction of useful rules, and reduction in classification time. NestedGeneralised Exemplars, a method of exemplar generalisation (Salzberg, 1991), wasdescribed. The problem with nesting generalisations�that the system willovergeneralise, reducing the effectiveness of the distance function�was thendiscussed, and a recent study of NGE reviewed. Shortcomings of that study werediscussed, and it was concluded that the experimental results support the hypothesisthat it is undesirable to nest generalised exemplars. Finally, Chapter Three describedtwo other methods of generalising exemplars, namely rule induction and conceptualclustering.Chapter Four described the NNGE implementation in detail. NNGE is similar toNGE except that it does not allow any instance to be a member of more than onegeneralisation, unless those generalisations are of the same class. Furthermore, itprevents the boundaries of generalised exemplars from overlapping. A batch versionof NNGE was also implemented, for comparison with other non-incremental systems.Chapter Five reported empirical testing of NNGE. Thirteen domains were used,providing a variety of testing conditions. Included in the test domains were fourartificial domains that specifically test for robustness against noise and irrelevantattributes. Several contained missing values. One of the domains was artificiallyproduced, and the target concept requires a complex representation. NNGE excelled inthis domain. The four hypotheses were tested in isolation, and compared withreported results. The results used were sufficiently documented that test conditionscould be adequately duplicated. The results of each test were presented, and thesignificance of each outcome was discussed.6.2 ConclusionsThe performance of NNGE exceeded expectations, satisfying all four hypothesesproposed in this thesis. The following sections describe the performance observed.6.2.1 Hypothesis 1: Improved classification performanceFor the thirteen domains tested, generalising exemplars results in an averageclassification performance improvement of 2.6% over standard nearest neighbour.

70Four domains show a reduction in performance. Three of these are artificial domainscontaining noise, suggesting that the NNGE implementation is not very robust againstnoise. The domain showing the largest improvement in classification performancecontains a large number of irrelevant attributes, suggesting that by generalising theirvalues a nearest neighbour system can ignore irrelevant attributes.When tested against domains containing both large and small disjuncts, NNGEperforms better than C4.5, a generality-biased learning system, and than pure nearestneighbour, which is specificity-biased. Performance over these domains iscomparable to Composite Learner, an algorithm that combines both rule inductionand nearest neighbour.These results provide strong evidence that generalised exemplars improve theclassification performance of nearest neighbour learning, by providing a bias that issuitable for inducing both large and small disjuncts.6.2.2 Hypothesis 2: Useful rulesFor the domains tested, NNGE produces a single hyperrectangle per class that coversas much of the dataset as rules induced by ID3 (Quinlan, 1986). For two domains therules induced by NNGE represent a much larger proportion of the input set. The rulesproduced are quite different to those induced by ID3 in all but one case, reflecting thedifferent bias used.NNGE tends to produce rules that test a large number of attributes. Because of thisthey are not very intelligible to people. This shortcoming is discussed in Section 6.4.6.2.3 Hypothesis 3: Reduced classification timeGeneralised exemplars speed up classification by an average of 2.6 times overstandard nearest neighbour, reducing the number of exemplars by 62%. This seemsfairly modest, but this is probably due to the nature of the training datasets. All ofthese are fairly small, so the number of instances representing each target concept islow. If the system were being used incrementally and exposed to input data on acontinuous basis, the number of exemplars would be expected to become static once asufficient number of instances had been incorporated to represent the target concepts.The results can be further put into perspective by comparing them to thecompression method implemented in IB2 (Aha, 1992). IB2 reduces the number ofexemplars by 64% over standard nearest neighbour, but at the cost of a 4.7%reduction in average classification performance. For these domains NNGE reduces thenumber of exemplars by a similar amount, but improves classification accuracy by4%.

71Generalised exemplars are therefore as good at compressing the exemplardatabase as saving only misclassified instances, with the added advantage that thiscompression does not come at the cost of classification accuracy.6.2.4 Hypothesis 4: Nested vs non-nested hyperrectanglesNNGE out-classifies NGE (Salzberg, 1991) in five of the seven domains tested,regardless of the variant of NGE that is used. NNGE is inferior in only the two artificialnoisy numeric-attribute domains, where NGE�s performance approximates that of purenearest neighbour while NNGE�s is worse. In all seven domains the performance ofNGE declines as the number of seed instances is reduced, strongly suggesting thatovergeneralisation resulting from nesting and overlapping of generalised exemplarsdegrades classification performance. In the extreme case, NNGE�s classificationperformance is 25% better than NGE�s.6.3 Research contributionsThis research has examined generalisation of exemplars in detail. The problem ofoverlapping generalisations has been explored and a novel approach to its preventionintroduced.The resulting implementation improves the classification performance of nearestneighbour learning by an average of almost 3%, and reduces classification time byover 60%. NNGE performs well on datasets that combine small and large disjuncts,outperforming a popular generalisation based learner, C4.5 (Quinlan, 1993), on all butthe two artificially noisy domains, and performing comparably to a hybrid learner thatcombines C4.5 with instance-based learning (Ting, 1994).Non-nested generalised exemplars is a technique that can be added to instance-based learners and applied to both discrete and continuous-values problems. It isindependent of the distance function used and of other characteristics of the learningmethod, such as feature and exemplar weighting strategies.Nearest neighbour learning is a practical method that offers respectableclassification performance for minimal learning effort. The flexibility of itsincremental learning capability allows it to be used for domains where continuouslearning is required. Non-nested generalised exemplars improve classificationperformance, making nearest neighbour learning suitable for use on a wider set ofdomains.6.4 Future researchOne of the key problems with non-nested generalised exemplars is deciding how toreduce the size of a hyperrectangle that has become inconsistent due to theintroduction of a conflicting example. The heuristic used in this study is a very simple

72method of discriminating the feature value or range of values to remove from therectangle. Further work is needed in this area to determine if there is a better method.NNGE performs poorly on domains with a high degree of noise. This is probablybecause it does not allow any conflict of class within a rectangle. Noisy examplesmay fall into a rectangle of the wrong class, requiring that the rectangle be pruned.This problem may be overcome by allowing a small amount of conflict of classwithin a rectangle, an approach similar to decision tree pruning. Determining howmuch conflict to allow is an interesting problem for further work.The ability of NNGE to generate useful rules was tested by converting eachhyperrectangle into a production rule. The resulting rules contained many terms. It ispossible that some of these terms are redundant, and that increasing the size of thehyperrectangle along a particular axis would not produce any conflict. This mightproduce simpler rules because some terms may be generalised out. Simpler ruleswould be more understandable by people.A batch version of NNGE was produced for testing against other non-incrementalmachine learning systems. This system is still affected by the input order of theexamples. Some preliminary tests were performed where the order in which theexamples are processed is determined by the distance between them, but the resultswere inconclusive. Further study into a non-incremental NNGE approach may yieldinteresting results.Finally, axis-parallel hyperrectangles were chosen as the representation of ageneralised exemplar due to their simplicity, and similarity to other rulerepresentations. Other shapes may also prove useful. Convex hulls, for example,would produce more conservative generalisation. This is the smallest polygon thatcan fit around a selection of points. While more expensive to compute thanhyperrectangles, recently developed algorithms make this idea possible.

73ReferencesAha, D. (1992) Tolerating noisy, irrelevant and novel attributes in instance-basedlearning algorithms. International Journal of Man-Machine Studies, 36: 267—287.Bareiss, E.R. and Porter, B.W. (1988) PROTOS: an exemplar-based learningapprentice. International Journal of Man-Machine Studies, 29: 549—561.Breiman, L. Friedman, J.H. Olshen, R.A. & Stone, C.J. (1984) Classification andregression trees. Wadsworth International Group, Belmont, California.Cendrowska, J. (1987) PRISM: an algorithm for inducing modular rules.International Journal of Man-Machine Studies, 27: 349—370.Clarke, P. and Niblett, T. (1987) Induction in noisy domains. Progress in MachineLearning edited by Ivan Bratko and Nada Lavrac, Sigma Press, Wilmslow,England.Cost, C. and Salzberg, S. (1994) A weighted nearest neighbour algorithm forlearning with symbolic features. Unpublished paper.Fisher, D.H. and Schlimmer,J.C. (1988) Concept simplification and predictiveaccuracy. Proceedings of the Fifth International Conference on MachineLearning, 22—28.Fix, E. and Hodges, J.L.Jr (1951) Discriminating analysis: non-parametricdistribution. Technical Report 21-49-004(4), USAF School of AviationMedicine, Randolph Field, Texas.Fix, E. and Hodges, J.L.Jr (1952) Discriminating analysis: small sampleperformance. Technical Report 21-49-004(11), USAF School of AviationMedicine, Randolph Field, Texas.Frey, P.W. and Slate, D.J. (1991) Letter recognition using Holland-style adaptiveclassifiers. Machine Learning, 6(2).Gaines, B. (1994) Exception DAGs as knowledge structures. AAAI-94 Workshopon Knowledge Discovery in Databases.Gennari, J.H. (1989). A survey of clustering methods. Technical Report 89-38,Department of Information and Computer Science, University of Irvine,California.Gennari, J.H. Langley, P. and Fisher, D. (1989) Models of incremental conceptformation. Artificial Intelligence, 40: 11—61.Holte, R.C.; Acker L.E.; Porter, B.W. (1989) Concept learning and the problem ofsmall disjuncts. Proceedings of the Eleventh International Joint Conferenceon Artificial Intelligence, 813—818.

74Holte, R.C. (1993) Very simple classification rules perform well on mostcommonly used datasets. Machine Learning, 11: 63—90.Johns, M.V. (1961) An empirical Bayes approach to non-parametric two-wayclassification. Studies in Item Analysis and Prediction edited by H. Solomon,Stanford University Press.Kanal, L.N. (1963) Statistical methods for pattern classification. Philco ReportVO43-2 and VO43-3, U.S. Army Electronics Research and Development lab.Kibler, D. and Aha, D. (1987) Learning representative exemplars of concepts: aninitial case study. Proceedings of the Fourth International Workshop onMachine Learning.Kolodner, J. L. (1984) Retrieval and Organizational Strategies in ConceptualMemory: A Computer Model. Lawrence Erlbaum Associates.Lebowitz, M. (1980) Generalization and memory in an integrated understandingsystem. Research Report 186, Department of Computer Science, YaleUniversity, New Haven, CT.Lebowitz, M. (1987) Experiments with universal concept formation: UNIMEM.Machine Learning, 2: 103—138.Mangasarian, O.L. and Wolberg, W.H. (1990) Cancer diagnosis via linearprogramming. SIAM news, 23(5).Porter, B.W. Bariess, R. and Holte, R.C. (1990) Concept learning and heuristicclassification in weak-theory domains. Artificial Intelligence, 45: 229—263.Quinlan, J.R. (1986) Induction of Decision Trees. Machine Learning, 1: 81—106.Quinlan, J.R. (1993) C4.5; Program for Machine Learning, Morgan Kaufmann.Salzberg, S. (1991) A nearest hyperrectangle learning method. Machine Learning,6: 277—309.Smith L.A., Scott B.L., Lin L.S., and Newell J.M (1990) Template adaption in ahypershere word classifier. Proceedings of ICASSP.Stanfill, C. and Waltz, D. (1986) Toward memory-based reasoning.Communications of the ACM, 29(12): 1213—1228.Thrun S.B., Bala J., Bloedorn E., Bratko I., Cestnik B., Cheng J., De Jong K.,Dzeroski S., Fahlman S.E., Fisher D., Hamann R., Kaufman K., Keller S.,Kononenko I., Kreuziger J., Michalski R.S., Mitchell T., Pachowicz P., ReichY., Vafaie H., Van de Welde W., Wenzel W., Wnek J. and Zhang J. (1991)The MONK�s problems - performance comparison of different learningalgorithms, Technical Report CS-CMU-91-197, Carnegie Mellon University,Pittsburgh, PA.Ting, K.M. (1994) The problem of small disjuncts: its remedy in decision trees.Proceedings of the Tenth Canadian Conference on Artificial Intelligence,91—97.Towell, G., Shavlik, J. and Noordewier, M. (1990) Refinement of approximatedomain theories by knowledge-based artificial neural networks. Proceedingsof the Eighth National Conference on Artificial Intelligence.

75Utgoff, P.E. (1989) Incremental induction of decision trees. Machine Learning, 4:161—186.Wettschereck, D. and Dietterich, G. (1994) An experimental comparison of thenearest-neighbour and nearest-hyperrectangle algorithms. Machine Learning,(to appear).

76Appendix Dataset acknowledgementsThe Cleveland Heart Disease data was provided by Robert Detrano, M.D., Ph.D.of the V.A. Medical Center, Long Beach and Cleveland Clinic Foundation.The Hungarian Heart Disease data was provided by Andras Janosi, M.D of theHungarian Institute of Cardiology, Budapest.The Wisconsin Breast Cancer database was obtained from the University ofWisconsin Hospitals, Madison from Dr. William H. Wolberg.