1FEATURE SELECTION VIA THE DISCOVERYOF SIMPLE CLASSIFICATION RULESG. Holmes & C.G. Nevill-ManningDepartment of Computer ScienceUniversity of Waikato, Hamilton, New ZealandABSTRACTIt has been our experience that in order to obtain useful results using supervised learning ofreal-world datasets it is necessary to perform feature subset selection and to perform manyexperiments using computed aggregates from the most relevant features. It is, therefore,important to look for selection algorithms that work quickly and accurately so that theseexperiments can be performed in a reasonable length of time, preferably interactively. Thispaper suggests a method to achieve this using a very simple algorithm that gives goodperformance across different supervised learning schemes and when compared to one of themost common methods for feature subset selection.KEYWORDSFeature subset selection; supervised learning; 1R; filter model; wrapper model.INTRODUCTIONThere is growing evidence that feature subset selection can substantially improve the task ofperforming supervised learning. The algorithms that perform feature subset selection have beenstudied in a variety of fields from the 1960�s and have employed many different techniquesranging from genetic algorithms (Kelly & Davis, 1991) to conditional probabilities (Creecy etal, 1992). Each algorithm can, however, be characterised in terms of its connection with theinduction algorithm used to perform the supervised learning. If the input features are selectedprior to induction then the feature selection algorithm is said to employ a filter model. If, on theother hand, the induction algorithm is bound to the process of searching, evaluating andselecting features then it is said to employ a wrapper model; the feature selection algorithmexists as a wrapper around the induction algorithm (John et al, 1995).Feature subset selection is generally achieved against some form of objective function. In ourcase we choose classification accuracy as an objective function; our goal being to improve (ornot dramatically reduce) classification accuracy while reducing the number of features in theoriginal dataset.The objective function is used by a search strategy to find the �best� subset. If there are dfeatures then the size of the search space of all possible features is 2d. It is not practical toexhaustively search this space and so some form of hill-climbing or optimization technique isused to guide the search. Subsets found using non-exhaustive search strategies do notguarantee to find optimal solutions, and that is the sense in which �best� subsets are found. It isthe search strategy that accounts for the cost of performing feature subset selection. This costand the accuracy of the resulting subset of features are useful measures for comparing theperformance of different algorithms.The approach we use is an extension of Robert Holte’s 1R system (Holte, 1992), and can beused as either a filter or wrapped around an induction algorithm. The 1R system was originallywritten to demonstrate the �weakness� of some of the standard datasets (specifically those inthe repository at the University of California, Irvine) used to test new induction algorithms. 1Rbuilds rules based on a single feature (called 1-rules) for each feature in a dataset. By splittingthe dataset into training and test sets it is possible to compute a classification accuracy score foreach feature. Holte selects the highest scoring feature and shows that for most of the UCIdatasets the rule associated with this single feature performs comparably with state-of-the-arttechniques in machine learning.In theory then, 1R could be viewed as an extremely powerful filter, reducing all datasets to onefeature. This view, however, is not likely to enhance the performance of supervised learning

2schemes that require a search space of greater complexity to work through. 1R can be used toselect those features that contribute, in the simplest sense (i.e. those with low error rates), toclassification accuracy. Holte uses 1R as a classifier, comparing it with the likes of C4.5. Weview it as a feature selector that can be used to enhance the performance of programs like C4.5.Our hypothesis is that classification accuracies of individual features are good indicators offeature relevance. We run 1R over a dataset forming 1-rules for each feature acquiring, at thesame time, a ranked list of features based on classification accuracy scores. Feature subsetselection can then be achieved by either selecting a pre-determined number of features from thelist or by iteratively adding the best features from the list to an initially empty set and evaluatingeach set using an induction algorithm.In this paper we investigate two questions related to the use of 1R as a feature subset selectionalgorithm. Firstly, can 1R be used successfully with a variety of machine learning schemes?Secondly, how does 1R compare as a feature subset selection algorithm against more expensivealgorithms?In the sections that follow we describe Holte�s 1R system, our experimental methodologydesigned to answer the questions posed above, the results of those experiments, and finally,we discuss the implications of those results.HOLTE�S 1-RULE INDUCERHere we present a shortened version of the 1R algorithm and a worked example to illustratehow it can be used for feature selection. Afuller description of the 1R algorithm can be foundin Holte (1992).AlgorithmFor each feature f,For each value v from the domain of fSelect the set of instances where feature f has value vLet c = the most frequent class in that set.Add the clause �if feature f has value v then the class is c� to the rule for feature fOutput the rule with the highest classification accuracy.Note that numeric features are quantised using a simple heuristic, and that missing values aretreated as a separate value in the enumeration.ExampleFigure 1a is a two feature version of Quinlan�s golf dataset (Quinlan, 1992), which usesweather information to decide whether or not to play golf. The dataset has two nominalfeatures: outlook (with values sunny, overcast or rain) and windy (with values true or false).The classification of each instance is either play or don�t play.Figure 1b shows the number of times that each class occurs for each feature-value pair, andhighlights the most common class in grey. Note that for windy = true, an arbitrary decisionmust be made because both classes occur with the same frequency. Figure 1c shows the rulesderived from these tables�the predicted classes correspond to the highlighted classes in 1b.Summing the frequencies of the predicted classes for each feature-value gives the number ofcorrect predictions in the training set, and dividing by the number of instances gives thememorisation accuracy (Kohavi et al, 1994). The rule for feature outlook has a memorisationaccuracy of 71.4%, while the rule for feature windy has an accuracy of 64.3%. Sorting thefeatures by the accuracy of their rules gives the ranking which we use for feature selection.

3(a)rainfalseplay raintruedon�t play overcastfalseplay sunnyfalseplay rainfalseplay sunnyfalsedon�t play overcasttrueplay sunnytruedon�t play sunnytrueplay

(b)outlookplaydont play overcast40 sunny23 rain32 windyplaydont play true33 false62

(c)outlookif overcast thenplay(4/4)if sunny thendon�t play(3/5)if rain thenplay(3/5)Accuracy = 10/14 (71.4%)windyif true thendon�t play(3/6)if false thenplay(6/8)Accuracy = 9/14 (64.3%)Figure 1: (a) a two-feature version of the golf dataset, (b) a table of frequencies of each classfor each value of the two features, (c) the rules derived from 1b, and their accuracy.EXPERIMENTSWe designed two experiments to see if 1R was useful as a feature selection algorithm. The firstexperiment attempts to see if 1R can select relevant features across a variety of differentsupervised learning algorithms. The second compares 1R with a wrapper model whichemploys a popular search algorithm called forward sequential selection (FSS) and C4.5 as theinducer.Experiment 1We chose three different induction algorithms: FOIL (Quinlan, 1990) which learns first orderlogical predicates, IB1 an instance based learning algorithm (Aha et al, 1991) and two variantsof C4.5 (Quinlan, 1992)�pruned and unpruned. The two variants were chosen to observe thedifference in performance when C4.5 uses its pruning algorithm, which is itself a form offeature selection. Default settings of all parameters were used for these schemes. Thirteendatasets from the UCI repository were tested in the following manner (Holte, 1993).New datasets were created which included only the best feature (1-set), the top two features (2-set) and so on, using the ranking given by 1R.Each dataset was randomly split into a training set (2/3 of the data) and a test set. The machinelearning scheme was trained on the training set, and then its accuracy was measured on the testset. The splitting, training and testing was repeated 25 times, and the accuracy was averaged.F u l l 1-set2-set3-set4-set5-set8-set11-set15-setDefault

BC66.158.858.864.66566.167.866.166.166.1

CH89.659.167.18787.787.790.593.795.394.1

G276.465.278.975.478.284.676.476.476.476.4

GL67.845.360.271.371.672.173.367.867.867.8

HD75.568.77375.876.776.978.579.175.576.2

HE80.876.779.279.577.580.377.67981.480.8

HO77.472.473.375.778.477.976.478.47575.4

HY97.796.796.897.597.597.697.697.897.997.7

IR95.392.296.195.495.395.395.395.395.395.3

LA84.273.581.279.888.888.887.885.585.584.6

SE93.888.691.391.391.491.892.19292.393.8

V187.381.186.487.387.687.787.38687.388.5

VO91.990.791.493.493.493.594.292.192.792.8

Avg diff-8.83-3.85-0.750.411.270.850.420.360.44

Table 1: Accuracy of IB1 with varying numbers of features chosen by 1R

4The results for IB1 are given in Table 1. Full means that all the features were present in thedataset, and Default means that all features which ranked above the default accuracy for thedataset were included. The Avg diff row computes the average difference between each columnand the Full column. For example, the average difference figure 1.27 in the 5-set columnmeans that averaged over all the datasets, using the top five features from a dataset results in anincrease in accuracy of 1.27% over using all the features.Scheme1set2set3set4set5set8set11set15setDefault

IB1-8.8-3.9-0.80.41.30.90.40.40.4

FOIL-15.3-5.80.61.62.12.53.03.74.8

C4.5pruned-3.5-2.7-0.4-0.1-0.5-0.5-0.3-0.3-0.1

C4.5 unpruned-3.6-1.70.30.4-0.1-0.3-0.4-0.5-0.3

Average Overall-7.8-3.5-0.00.60.70.70.70.81.2

% reduction offeatures94.088.182.176.270.654.140.424.834.4

Table 2: The average difference results for each of the schemes

Discussion of Experiment 1The results in Table 2 show encouraging signs for 1R as a feature selector. If we use 1R as afilter then we can say that, based on these preliminary findings, on average the best three ormore features will be as accurate as using the full complement of features. These results areconsistent with Holte�s conclusions about the UCI repository. Using three features minimisesthe number of features we need to use without any significant loss of accuracy. Thus, we coulduse 1R as a filter which simply selected the best three features and then passed these on to aninduction algorithm. We show the results of using 1R this way in our next experiment.Experiment 2In order to compare our approach with one of the most common approaches to featureselection, we used the FSS algorithm built into the MLC++ system (Kohavi et al, 1994) toselect features, and then ran similar experiments to the one above to obtain a comparisonbetween FSS, 1R and choosing features randomly. We chose C4.5 (pruned) as the inductionalgorithm because this was the only algorithm which we could guarantee to be the same acrossMLC++ and our WEKA system (Holmes et al, 1994).DatasetF S S O(d2)1R bestO(d)1R pre-detO(1)RandomO(1)DefaultAccuracy

BC73.672.170.469.670.3

CH97.69790.358.952.2

G276.7777772.453.4

GL69.968.265.958.835.5

HD82.3838365.654.5

HE81.88480.378.179.3

HO84.382.681.470.963.0

HY99.399.398.996.795.2

IR94.395.594.492.633.3

LA83.882.376.863.864.9

SE97.496.29693.290.7

V189.489.488.484.761.4

VO95.595.495.379.761.4

Average86.686.384.575.862.7

Avg #features3.95.833.9

Table 3: Comparison of feature selection methods

5The number of features selected randomly was chosen to be the same number as chosen by theFSS strategy. The 1R best strategy is a less expensive form of wrapper model. We use 1R toform a ranking of the features and then enumerate all sets of combinations as per experiment 1;namely, the best, the best plus next best, and so on. We then determine an average accuracyscore, using an induction algorithm, for each of these sets and choose the best. This is a formof wrapper model without hill-climbing, hence the saving in search time.Discussion of Experiment 2The results in Table 3 again show encouraging signs for 1R. It is difficult to draw firmconclusions without a full statistical analysis, but it would appear to be true that on average 1Rperforms comparably with FSS both in wrapper and filter modes. The default accuracies ofsome of the datasets (HY, SE) are very high, and so only a fine distinction can be drawn fromthem, but others (CH, HD, LA, VO) show large differences between the default and randomaccuracies and the accuracies obtained using FSS and 1R.The compromise between FSS and 1R best is interesting. FSS is an order of magnitude slowerthan 1R best but on average uses fewer features. For datasets with ten or fewer features thisdifference is not great when taken together. However, as the number of features increases theability of FSS to complete its selection in a reasonable time tends to diminish. By way of anexample, it took FSS approximately eight hours on a SparcServer 1000 to make its selectionfor the CH dataset (36 features).C O N C L U S I O N We have presented an algorithm for feature subset selection which in preliminary experimentsappears to work well both across differing supervised learning schemes and when comparedwith more common, and more expensive, approaches to the problem. In order to make firmconclusions about this approach, however, it will be necessary to conduct more experimentsover a greater number of datasets and to perform a more rigorous statistical analysis of theresults.REFERENCESAha, D.W. and Bankert, R.L. (1994); A Comparative Evaluation of Sequential Feature SelectionAlgorithms; In Proceedings of the Fifth International Workshop on Artificial Intelligenceand Statistics, pp 1-7. Fort Lauderdale, Florida.Aha, D.W., Kibler, D., and Albert, M.K. (1991); Instance-based learning algorithms; MachineLearning Vol. 6, pp 37-66.Creecy, T.M., Masand, B.M., Smith, S.J., and Waltz, D.L. (1992); Trading MIPS and memory forknowledge engineering; Communications of the ACM, Vol. 35, pp 48-64.Holmes, G., Donkin, A., and Witten, I.H. (1994); WEKA: A Machine Learning Workbench; TechReport 94/9, Dept. Computer Science., Waikato University, New Zealand.Holte, R. C. (1993); Very Simple Classification Rules Perform Well on Most Commonly UsedDatasets; Machine Learning, Vol. 11, pp 63-90.John, G.H., Kohavi, R., and Pfleger, K. (1994); Irrelevant Features and the Subset SelectionProblem; In Proceedings of the Eleventh International Machine Learning Conference, pp121-129. New Brunswick, NJ: Morgan Kaufmann.Kelly, J.D. Jr., and Davis, L. (1991); A hybrid genetic algorithm for classification; In Proceedingsof the Twelfth International Joint Conference on Artificial Intelligence, pp 645-650,Sydney, Australia; Morgan Kaufmann.Kohavi, R., John, G., Long, R., Manley, D., and Pfleger, K. (1994); MLC++: A Machine LearningLibrary in C++; Tech Report, Computer Science Dept., Stanford University.Quinlan, J.R. (1992); C4.5: Programs for Machine Learning; Los Altos, California; MorganKaufmann.Quinlan, J.R. (1990); Learning logical definitions from relations; Machine Learning Vol. 5, pp239-266.