Feature Subset Selection: A Correlation Based Filter ApproachMark A. Hall, Lloyd A. Smith ([mhall, las]@cs.waikato.ac.nz)Department of Computer Science, University of Waikato, Hamilton, New Zealand.AbstractRecent work has shown that feature subset selection can have apositive affect on the performance of machine learningalgorithms. Some algorithms can be slowed or their performanceadversely affected by too much data›some of which may beirrelevant or redundant to the learning task. Feature subsetselection, then, is a method for enhancing the performance oflearning algorithms, reducing the hypothesis search space, and,in some cases, reducing the storage requirement. This paperdescribes a feature subset selector that uses a correlation basedheuristic to determine the ‡goodness† of feature subsets, andevaluates its effectiveness with three common ML algorithms: adecision tree inducer (C4.5), a naive Bayes classifier, and aninstance based learner (IB1). Experiments using a number ofstandard data sets drawn from real and artificial domains arepresented. Feature subset selection gave significantimprovement for all three algorithms; C4.5 generated smallerdecision trees.1. IntroductionWe live in the information age›where accumulating data iseasy and storing it is relatively inexpensive. Unfortunately,as the amount of machine readable information increases, theability to understand and make use of it does not keep pacewith this growth. Traditional statistical analysis is timeconsuming as each hypothesis must be formulated and testedindividually. Moreover, it requires a background inmathematics in order to understand the results. Machinelearning (ML) aims to automate the process of informationdiscovery and be of use to people from a wide range ofbackgrounds.ML programs often make assumptions or apply heuristicsthat trade some accuracy of the resulting model for speed ofexecution, and comprehensibility of the result. While theseassumptions and heuristics are reasonable and often yieldgood results, under certain conditions›the presence ofredundant and irrelevant information›they can result in theopposite of their intended effect: slowed execution, lessunderstandable results, and much reduced accuracy.In the typical supervised machine learning task, data isrepresented as a table of examples or instances. Each instanceis described by a fixed number of measurements or featuresalong with a label that denotes the category (class) theinstance belongs to. Feature selectors are algorithms that areapplied to the data before it reaches an ML program. Theiraim is to reduce the dimensionality of the data by removingthe irrelevant and redundant information; thus allowing theML program to operate more effectively.This paper describes a feature selector that uses acorrelation based heuristic to determine the usefulness offeatures, and evaluates its effectiveness with three commonML algorithms.2. Feature Selection: Filters and WrappersIn ML, feature selectors can be characterised by their tie withthe induction algorithm that ultimately learns from thereduced data. One paradigm, dubbed the Filter [Kohavi andJohn, 1996], operates independent of any inductionalgorithm›unnecessary attributes are filtered out of the databefore induction takes place. Some filter methods strive forconsistency in the data›that is, they note when everycombination of values for a feature subset is associated witha single class label [Almuallim and Deitterich, 1991]. Otherfilter methods rank features according to a relevancy score[Kira and Rendell, 1992; Holmes and Nevill-Manning,1995]Another school of thought argues that the bias of aparticular induction algorithm should be taken into accountwhen selecting features. This method, dubbed the Wrapper[Kohavi and John, 1996], uses the induction algorithm alongwith a statistical re-sampling technique such as cross-validation (CV) to evaluate feature subsets.Often, the strengths of the wrapper approach advocated byits proponents are hailed as weaknesses by the filter camp andvice versa. For example, wrappers often achieve better resultsthan filters due to fact that they are tuned to the specificinteraction between an induction algorithm and its trainingdata. However, they are much slower than filters as theymust repeatedly call the induction algorithm and must be re-run when a different induction algorithm is used.The feature selector described in this paper is a filter. Theauthor believes that filters will ultimately be feasible in caseswhere the wrapper is not›that is, in real data sets where theremay be a large number of features.TrainingdataFSSearchFeatureevaluation

heuristic"goodness"featureset

MLAlgorithmTrainingdata

FSFinal feature setSearchestimatedaccuracyfeatureset

MLAlgorithm

Final feature setFeature evaluationcross val, hold outML AlgorithmFilterWrapperFigure 1: Filter and wrapper feature selectors.

2.1 SearchMost feature selection algorithms perform a search throughthe space of feature subsets. Since the size of this space isexponential in the number of features, an exhaustive search isusually intractable. Greedy hill climbing search strategiessuch as forward selection and backward elimination [Kittler,1978] are often applied to search the feature subset space inreasonable time. Although simple, these searches often yieldgood results [Kohavi and John, 1996]›comparable to moresophisticated AI search strategies such as Best First searchand Beam search [Rich and Knight, 1991].Greedy hill climbing expands the current node and movesto the child with the highest evaluation. Nodes are expandedby applying search space operators to them (add or delete asingle feature for forward selection and backward Eliminationrespectively).Table 1: Hill climbing search

1. Let s ← start state.

2. Expand s by applying search operators.

3. Evaluate each child t of s.

4. Let s' ← child t with highest evaluation e t( ).

5. If e(s') > e(s) then s ← s', go to step 2.

6. Return s.

Forward selection starts with an empty set of features;Backward elimination starts with a full set of features.Forward selection will terminate when no child node is betterthan its parent, while backward elimination will continue todelete features as long as a child is not worse than its parent.Forward selection and backward elimination are the usedin the experiments described in section 4.3. CFS: Correlation-based FeatureSelectionLike the majority of feature selection programs, CFS uses asearch algorithm along with a function to evaluate the meritof feature subsets. The heuristic by which CFS measures the‡goodness† of feature subsets takes into account theusefulness of individual features for predicting the class labelalong with the level of intercorrelation among them. Thehypothesis on which the heuristic is based can be stated:Good feature subsets contain features highly correlated(predictive of) with the class, yet uncorrelated with (notpredictive of) each other.Equation 1 formalises the heuristic.

Gs = krci k + k(k− 1)rii'

(1)k is the number of features in the subset;

rci

is the meanfeature correlation with the class, and

rii'

is the averagefeature intercorrelation.Equation 1 is borrowed from test theory [Ghiselli, 1964],where it is used to measure the reliability of a test consistingof summed items from the reliability of the individual items.It is, in fact, Pearson„s correlation, where all variables havebeen standardised. The numerator can be thought of as givingan indication of how predictive of the class a group offeatures are; the denominator of how much redundancy thereis among them. The heuristic goodness measure should filterout irrelevant features as they will be poor predictors of theclass. Redundant features should be ignored as they will behighly correlated with one or more of the other features.3.1 Feature CorrelationsBy and large most classification tasks in ML involvelearning to distinguish between nominal class values, butmay involve features that are ordinal or continuous. Ameasure based on conditional entropy [Press et al., 1988] isused to measure correlations between features and the class,and between features. Continuous features are first convertedto nominal by binning. If X and Y are discrete randomvariables with respective ranges

Rx

and

Ry

, Equations 2 and3 give the entropy of Y before and after observing X.

H Y( ) = − p y( ) y∈Ry∑ log p y( )( )

(2)

H YX( ) = − p x( ) p yx( ) y∈Ry∑ x∈Rx∑ log p yx( )( )

(3)Equation 4 gives a measure of ‡correlation† or dependency ofY on X. This measure is sometimes called the u n c e r t a i n t y coefficient of Y [Press et al., 1988].

C YX( ) = H Y( )− H YX( ) H Y( )

(4)This measure lies between 0 and 1. A value of 0 indicatesthat X and Y have no association; the value 1 indicates thatknowledge of X completely predicts Y.4. Experimental MethodologyIn order to determine whether CFS is of use to common MLalgorithms, a series of experiments was run using thefollowing ML algorithms (with and without featureselection) on a number of standard data sets drawn from realand artificial domains.�IB1: An instance based learner. Classifies a newinstance by comparing it with a data base ofinstances seen during training. The class of themost similar training instance is assigned to thenew instance.�Naive Bayes: A bayesian classifier that assumesindependence between features in order to simplifythe calculation of conditional probabilities.�C4.5: A decision tree inducer. Builds a decision treefor the training data in a greedy fashion by alwaystesting features that provide the most gain ininformation. Leaves in the tree correspond toclassifications.4.1 DomainsData sets from seven natural domains and three artificialdomains were drawn from the UCI repository of machinelearning databases. These data sets were chosen because of theprevalence of nominal features and their predominance in theliterature. Three additional artificial domains were borrowedfrom work by Langley and Sage [1994]. They each have 3

relevant features to which a further 27 irrelevant features havebeen added. These boolean domains exhibit an increasinglevel of feature interaction. It is expected that CFS will havedifficulty dealing with domains with high levels of featureinteraction. Under these conditions, the usefulness ofindividual features is difficult to distinguish.Table 2: Natural and artificial domainsDomainTotal # FeaturesTrain / Test

Mushroom221000 / 7124

Vote16218 / 217

Vote115218 / 217

Credit15228 / 462

Lymphography1898 / 50

Primary tumor17226 / 113

Breast Cancer9191 / 95 x 1 x 2 x 3 30 (27 irrelevant)400 / 800 x

1

x

2

∨ x

1

x

3

∨ x

2

x

3

x

1

x

2

x

3

∨ x

1

x

2

x

3 Monks16 (3 irrelevant)124 / 432

Monks26169 / 432

Monks36 (3 irrelevant)122 / 432

4.3 Experiment 1: CFS vs No CFS50 runs were done with and without feature selection for eachML algorithm on each data set. For each run the followingprocedure was applied:1)A data set was randomly split into a training andtest set (sizes are given in Table 2)2)Each ML algorithm was applied to the training set;the resulting model was used to classify the testset.3)CFS was applied to the training data, reducing itsdimensionality. The test set was reduced by thesame factor. Each ML algorithm was applied to thereduced data as in step 2.4)Accuracies over 50 runs for each ML algorithmwere averaged.Forward selection and backward elimination searcheswere used. Results for forward selection are given asthere was (on average) little difference between the twosearch methods.In addition to accuracy, tree sizes for C4.5 were recorded.Smaller trees are generally preferred as they are easier tounderstand.4.4 Experiment 2: CFS vs WrapperA second experiment was run in order to get a feel for howwell CFS performs against the popular Wrapper featureselector. Using the same data sets as in experiment 1, featureselection by the Wrapper (10 fold CV on the train set) wascompared with feature selection by CFS using C4.5 as thefinal induction algorithm. Due to the length of time taken bythe Wrapper to perform its search, only two runs were doneon each data set: one using a forward selection search, theother a backward elimination search.5. ResultsTables 3 and 4 show the results for IB1 and Naive Bayes,respectively, for experiment 1. Feature selection significantlyimproves the performance of IB1 on 3 of natural domains and3 of the artificial domains. Performance is significantlydegraded on 2 of the natural and 3 of the artificial domains.CFS has successfully removed the 27 irrelevant attributesfrom the first two boolean domains (B1 & B2). As expected,CFS is not effective on the third of the boolean domains(B3). Due to the high degree of feature interaction in thisdomain, none of the relevant features in isolation can bedistinguished from the irrelevant ones. Similarly, on theMonks1 and Monks2 domains there are strong featureinteractions. As can be seen from the last column of Table 1,CFS has drastically reduced the number of features in eachdata set. In the Vote domain, a major improvement can behad using only one of the original features.Table3: Accuracy of IB1 with (IB1-CFS) and without (IB1)feature selection. The ‡p† column gives the probability thatthe observed difference between the two is due to sampling(confidence is 1 minus this probability). Bolded values showwhere one is significantly better than the other at the 0.95level. The last column shows the number of features selected(rounded to the nearest feature, minus std. deviations) versusthe number features originally present.DomainIB1IB1-CFSp#f/orig

Mush99.96 – 0.0698.52 – 0.070.01/22

Vote92.16 – 1.4195.64 – 0.870.01/16

Vote188.48 – 1.9988.83 – 2.270.2625/15

Credit80.13 – 1.6784.65 – 1.910.01/15

Lymph78.56 – 6.2775.32 – 5.520.0056/18

Primary36.66 – 3.5437.58 – 3.220.02811/17

Breast70.68 – 3.9070.17 – 3.660.3763/9

B186.52 – 0.87100.0 – 0.00.03/30

B272.45 – 1.34100.0 – 0.00.03/30

B379.55 – 1.3674.09 – 3.730.07/30

Monks186.40 – 1.8874.58 – 1.740.01/6

Monks272.22 – 1.7863.72 – 2.890.01/6

Monks391.67 – 1.4696.85 – 0.890.02/6

Table 4: Accuracy of Naive Bayes with and without featureselection.DomainNaive BayesNaive-CFSp#f/orig

Mush94.75 – 0.6898.49 – 0.130.01/22

Vote90.24 – 1.5395.56 – 1.030.01/16

Vote187.20 – 1.8489.04 – 1.630.05/15

Credit78.21 – 1.4983.78 – 3.780.01/15

Lymph81.96 – 4.7779.14 – 5.920.0016/18

Primary46.87 – 3.0745.90 – 3.200.01411/17

Breast71.67 – 3.6971.02 – 3.580.0863/9

B196.41 – 1.03100 – 00.03/30

B298.50 – 1.14100 – 00.03/30

B375.10 – 0.9875.64 – 0.660.07/30

Monks172.74 – 1.8975.0 – 0.00.01/6

Monks263.74 – 2.0865.10 – 1.840.01/6

Monks397.08 – 0.5797.16 – 0.390.3592/6

The results of feature selection for Naive Bayes are evenmore successful. Significant improvement is recorded on 9 ofthe 13 domains and significant degradation on only 2.Interestingly, small improvement is recorded on thoseartificial domains with feature interactions. It turns out that

Naive Bayes is unable to learn these concepts and similaraccuracy can be achieved through simply predicting the mostfrequent class value. Because CFS is a filter algorithm, thefeature subsets chosen for Naive Bayes are the same as thosechosen for IB1.The results for C4.5 (not shown) are less successful.There were 2 significant improvements and 3 degradations onthe natural domains. On the domains where accuracy wasdegraded, it was by 1 or 2 percent. However, CFS waseffective in significantly reducing the size of the trees inducedby C4.5 (Table 5).Table 5: Tree sizes induced by C4.5 before and after featureselectionDomainSize-C4.5Size-CFSp

Mush25.0 – 5.3910.0 – 0.00.0

Vote7.12 – 2.753.0 – 0.00.0

Vote114.04 – 4.796.88 – 2.950.0

Credit26.3 – 10.514.12 – 4.370.0

Lymph19.18 – 5.4914.38 – 6.260.0

Primary65.18 – 10.8851.02 – 11.130.0

Breast16.3 – 11.614.74 – 11.050.38

B17 – 07 – 01.0

B211 – 011 – 01.0

B349.32 – 31.656.12 – 10.90.0

Monks120.06 – 8.845 – 00.0

Monks21.28 – 1.981 – 00.322

Monks313.76 – 2.812.16 – 1.380.0

5.2 Experiment 2Table 6 compares CFS with the Wrapper. The best result (interms of the number of improvements) is given by theWrapper using a backward search. This was expected as theWrapper is tuned to the specific bias of C4.5. Moreover, ithas been shown that the Wrapper using a backward search canidentify relevant features even when they interact [Kohavi andJohn, 1996]. The next best result is given by CFS using aforward search. Table 7 shows the CPU time (in seconds)taken by each feature selector. CFS is many times faster thanthe Wrapper. As can be seen from the table, the most costlyapproach is the Wrapper using a backward search.Table 6: Accuracy of C4.5, C4.5 with CFS forward (fs) andbackward (be) search, and C4.5 with Wrapper (CV) forwardand backward search.DomainC4.5C4.5-CFS-fsC4.5-CV-fsC4.5-CFS-beC4.5-CV-be

Mush99.098.598.898.598.8

Vote92.694.994.994.994.9

Vote192.291.289.991.289.9

Credit83.885.985.981.485.9

Lymph76.074.078.074.078.0

Primary38.140.738.140.739.8

Breast74.773.773.773.774.7

B1100.0100.087.0100.0100.0

B2100.0100.074.0100.0100.0

B387.675.875.475.8100.0

Monk175.775.075.075.088.9

Monk265.067.167.167.165.3

Monk397.297.297.297.297.2

Table 7: CPU time taken by feature selectors (Sparc 1000).DomainC4.5-CFS-fsC4.5-CV-fsC4.5-CFS-beC4.5-CV-be

Mush1111151113316

Vote125812611

Vote1263221930

Credit226021284

Lymph270821763

Primary2176522479

Breast1891361

B16297619198

B26585616097

B39271818776

Monks11831183

Monks22552166

Monks311282206

6. ConclusionThis paper presents a feature selection algorithm (CFS) thatoperates independently of any induction algorithm. Resultsshow that its evaluation heuristic chooses feature subsets thatare useful to common machine learning algorithms byimproving their accuracy and making their results easier tounderstand. A comparison with the Wrapper approach tofeature selection shows CFS to be many times faster›makingits application to domains with many features more feasible.Future work will attempt to better understand why CFSworks more effectively on some natural domains than others.Comparing the learning curves produced by ML algorithmson natural domains to those produced on carefully controlledartificial domains may provide some insight. Extension ofCFS to deal with feature interactions will also be explored.One approach might be to model higher order dependencies(correlation between pairs of features and the class).REFERENCES[Almuallim and Deitterich, 1991] H. Allmuallim and T.G.Deitterich, Learning with many irrelevant features, Proc. of theNinth Nat. Conference on AI, 47›52, 1991.[Ghiselli, 1964] E. E. Ghiselli, Theory of PsychologicalMeasurement, McGraw-Hill, 1964.[Holmes and Nevill-Manning, 1995] G. Holmes and C.G. Nevill-Manning, Feature selection via the discovery of simpleclassification rules, Proc. Int. Symp. on Intelligent DataAnalysis (IDA-95), 1995.[Kira and rendell, 1992] K. Kira and L. Rendell, A practicalapproach to feature selection, Proc. of the Ninth Int. Conferenceon ML, 249›256, 1992.[Kittler, 1978] J. Kittler, Feature set search algorithms, in C.HChen (ed) Pattern Regognition and Signal Processing, Sijhoffand Noordhoff, the Netherlands, 1978.[Kohavi and John, 1996] R. Kohavi and G.H. John, Wrappers forfeature subset selection, AIJ special issue on relevance, (inpress).[Langley and Sage, 1994] P. Langley and S. Sage, Scaling todomains with irrelevant features, in R. Greiner (ed)Computational Learning Theory and Natural Learning Systems,MIT Press, 1994.[Press et al., 1988] W.H. Press, Numerical Recipes in C,Cambridge, 1988.[Rich and Knight] E. Rich and K. Knight, Artificial Intelligence,McGraw-Hill, 1991.