#1Robust Feature Selection AlgorithmsHaleh Vafaie and Kenneth De JongCenter for Artificial IntelligenceGeorge Mason UniversityFairfax, VA 22030AbstractSelecting a set of features which is optimal for a giventask is a problem which plays an important role in a widevariety of contexts including pattern recognition, adaptivecontrol, and machine learning. Our experience withtraditional feature selection algorithms in the domain ofmachine learning lead to an appreciation for theircomputational efficiency and a concern for their brittleness.This paper describes an alternate approach to featureselection which uses genetic algorithms as the primarysearch component. Results are presented which suggestthat genetic algorithms can be used to increase therobustness of feature selection algorithms without asignificant decrease in computational efficiency.1. IntroductionFinding an optimal set of features from a largeset of candidate features is a problem which occurs inmany contexts. In modeling one would like to identifyand exploit minimal models of the phenomena understudy. In control theory, minimizing the number ofcontrol parameters is an important part of the designprocess. In image understanding and machine learning,finding a minimal set of features necessary for recognitionand classification is a key part of designing efficient andimplementable systems.In recent years there has been a significantincrease in the size and complexity of the problemsundertaken in these and other areas. Along with this hascome an increase in the size and complexity of thecorresponding feature selection problems, resulting inrenewed efforts to automate the process of featureselection, and in some cases, the additional requirementthat feature selection occur "on line" because ofdynamically changing environments.The work presented here was motivated by ourexperiences in using conventional feature selectionalgorithms for difficult machine learning problemsinvolving texture recognition. In our case there can easilybe several hundred candidate features and complexinteractions among the features. On such problemsconventional features selection algorithms run fast, butproduce results which vary dramatically in quality fromquite good to poor. As a consequence, we have exploredthe use of genetic algorithms (GAs) as a means forimproving the robustness of such algorithms withoutsacrificing too much in speed. We present our initialresults in the following sections.2. Feature Selection TechniquesSince each feature used can increase the cost andrunning time of a system, there is strong motivation todesign and implement systems with small feature sets. Atthe same time there is a potentially opposing need toinclude a sufficient set of features to achieve acceptablyhigh performance. This has led to the development of avariety of search techniques for finding an "optimal" subsetof features from a larger set of possible features.Exhaustively trying all the subsets is computationallyprohibitive when there are a large number of features.There are two main approaches to avoiding thecombinatorial explosion as the number of candidatefeatures grows. The first involves developing problemspecific strategies (heuristics) which use domainknowledge to prune the feature space to a manageable size[5]. The second approach is to use generic heuristics(primarily hill-climbing algorithms) when domainknowledge is costly to exploit or unavailable [8].In the case of texture recognition, we foundourselves in the second camp: lots of possible features, butlittle in the way of domain knowledge to assist the searchprocess. We adopted a feature selection algorithm fromthe literature which involved the basic componentsillustrated in Figure 1. The search procedure is a classic"greedy" hill-climbing algorithm, sequential backwardselection (SBS), which removes one feature at a time untilno improvement in the criterion function is obtained. Thecriterion function is problem specific and can vary fromsimple performance measures to complex multistageevaluation procedures.

#1

.goodnessof recog.

SearchtechniqueCriterionfunction featuresetBest featuresubsetfeaturesubset

SelectedFeaturesFigure 1: Block diagram of the feature selection processOur experience with the SBS approach suggeststhat it is very fast, but also quite brittle in the sense thatthe quality of the results varies widely across data sets. Inthe following sections we explore in more detail the causeof the brittleness, and develop a more robust approach byreplacing the given search procedure with a geneticalgorithm.3. Sources of BrittlenessThe SBS algorithm is a search procedure thatstarts with the complete set of features, and discards onefeature at a time until the desired number of features havebeen reached [4]. At a particular stage, there are m featuresremaining. To determine which (if any) feature to removenext, each of the m features are evaluated as a candidate forremoval by temporarily removing it and computing theeffects via the criterion function. The feature who’sremoval leads to the largest improvement (lowest decreasein the criterion function) is removed permanently. Theprocess is then repeated for the remaining m-1 featuresuntil no improvements are obtained.An insightful way to visualize this process is torepresent the entire feature set as a binary string of Nboolean variables, each representing the presence orabsence of the ith feature. As illustrated in Figure 2, theSBS algorithm starts with the string of all ones, andmoves up the lattice one level at a time by selecting thenode at the next level which results in maximalimprovement.Notice that for problems with N > 2, committingto a particular node generally makes other higher levelnodes in the lattice inaccessible. For example,committing to 011 makes 100 inaccessible at the nextlevel. This is both the source of the power and thebrittleness of the algorithm. Its running time is clearly noworse than N2 in terms of the number of different featuresets evaluated before termination. It achieves this,however, by ignoring any possible interactions among thefeatures. Hence, it is possible for no single feature toyield an improvement (thus terminating the search) whilethe simultaneous removal of 2 or 3 features might resultin significant improvements. Similarly, a member of theoptimal feature set can be removed early in the searchprocess to obtain some initial improvement, but then beunavailable for later more significant improvements. Inaddition, if the criterion function contains any imprecisionor noise, such greedy algorithms become even lessreliable.Clearly, any attempt at improving the situationby looking at all second order and possibly third orderfeature interactions quickly becomes computationallyprohibitive. An alternative which seemed quite hopefulwas the use of genetic algorithms which are best knownfor their ability to efficiently search large spaces aboutwhich little is known, and which are relatively insensitiveto noise. In the next section this approach is described inmore detail.4. Feature Selection Using GeneticAlgorithmsGenetic algorithms (GAs), a form of inductivelearning strategy, are adaptive search techniques initiallyintroduced by Holland [7]. Genetic algorithms derive theirname from the fact that their operations are similar to themechanics of genetic models of natural systems.

#1 11011000 a) Two feature lattice

111011101110001010100000 b) Three feature latticeFigure 2: Feature Set LatticesGenetic algorithms typically maintain a constant-sized population of individuals which represent samples ofthe space to be searched. Each individual is evaluated onthe basis of its overall fitness with respect to the givenapplication domain. New individuals (samples of thesearch space) are produced by selecting high performingindividuals to produce "offspring" which retain many ofthe features of their "parents". This eventually leads to apopulation that has improved fitness with respect to thegiven goal.New individuals (offspring) for the nextgeneration are formed by using two main geneticoperators, crossover and mutation. Crossover operates byrandomly selecting a point in the two selected parents genestructures and exchanging the remaining segments of theparents to create new offspring. Therefore, crossovercombines the features of two individuals to create twosimilar offspring. Mutation operates by randomlychanging one or more components of a selected individual.It acts as a population perturbation operator and is a meansfor inserting new information into the population. Thisoperator prevents any stagnation that might occur duringthe search process.Genetic algorithms have demonstrated substantialimprovement over a variety of random and local searchmethods [2]. This is accomplished by their ability toexploit accumulating information about an initiallyunknown search space in order to bias subsequent searchinto promising subspaces. Since GAs are basically adomain independent search technique, they are ideal forapplications where domain knowledge and theory isdifficult or impossible to provide [3]. The main issues in applying GAs to anyproblem are selecting an appropriate representation and anadequate evaluation function. Since GAs require thesame kind of evaluation function as the SBS algorithm, itcan be used without modification. The naturalrepresentation for the feature selection problem is preciselythe one described earlier, name a binary string of length Nrepresenting the presence or absence of each of the Npossible features. The advantage of this representation isthat the classical GA�s operators as described before(binary mutation and crossover) can easily be applied tothis representation without any modification. Thiseliminates the need for designing new genetic operators,or making any other changes to the standard form ofgenetic algorithms.

5. Experimental ResultsIn performing the experiments reported here, theSBS algorithm was used as described above. For the GAapproach, GENESIS [6], a general purpose geneticalgorithm program, was used with the standard parametersettings recommended in [2]: a population size=50, amutation rate= 0.001, and a crossover rate=0.6. The resultspresented here show the average performance of ten runs.5.1 Artificial Problem SetsThe first set of experiments involved constructinga family of artificial problems to test our hypotheses aboutthe sources of brittleness of the greedy feature selectionalgorithm and to compare its performance with the GAapproach. The basic idea involved constructing families offunctions in which the degree of interaction among featurescould be controlled so as to make the problem either easieror harder for the greedy algorithm.As indicated earlier in Figure 2, three features(bits) are the minimal size problem in which non-linearinteractions can cause problems. We can construct afunction with the desired properties by thinking of it as afunction of 3 boolean variables (one for each feature) andwriting out all the first, second and third order terms: f(x0,x1,x2) = a*x0 + b*x1 + c*x2+ d*x0*x1 + e*x0*x2 + f*x1*x2 (1)+ g*x0*x1*x2 In general, not all the terms are needed to producesufficient interaction to cause problems. In this example,we seek a function which (referring back to Figure 2)assigns the optimal value to 100, but causes the SBSalgorithm to select 011 on the first round. This can beeasily achieved in a variety of ways. For example, we canlet b=c and d=e=0. Then (1) simplifies to: f(x0,x1,x2)= a*x0 + b*x1 + b*x2 + f*x1*x2 +g*x0*x1*x2 (2)This results in the following assignments of "value" to allpossible subsets of the 3 features:x0,x1,x2 f(x0,x1,x2) 000 0 100 a (global optimum) 001 b 010 b 011 2b+f (local optimum) 101a+b 110a+b 111 a+2b+f+gThis can be further simplified by letting m=f+2b. Our goalcan then be achieved by requiring: a > 0, a > b, a > m (global optimum at 100)and m > a+b, m > a+m+g (local optimum at 011)The constraints a > m and m > a+b imply that b < 0. Ifwe arbitrarily let b=-4, then m = 2b+f = f-8. Forsimplicity we can set f=9 resulting in m=1, and assigng=-5 yielding: f(x0,x1,x2) = a*x0 - 4*x1 - 4*x2 + 9*x1*x2 - 5*x0*x1*x2 (3)and x0,x1,x2 f(x0,x1,x2) 0000 100a (global optimum) 001-4 010-4 0111 (local optimum) 101 a-4 110 a-4 111 a-4By varying the value of a > 0, we can test our hypothesisabout the source of brittleness of the SBS algorithm.While 0 < a < 1, the feature set 011 is the globaloptimum and should be easily found. When 1 < a < 5,the feature set 011 is the local optimum and the globaloptimum 100 should never be found. When a >= 5, thefeature set 111 is a local optimum, and the globaloptimum should never be found.In the first experiment, we added to this minimal3-feature dependency problem an additional 27 featureswhich had no effect on the criterion function, but served toincrease the size of the search space significantly (230).Figure 3 presents the results for varying a between 0 and10. The behavior of the SBS algorithm was as expected,finding the global optimum only when a<1. For thissimple case, the GA approach consistently found theglobal optimum.To make things more difficult, we changed theproblem slightly by replicating the 3-feature dependency 3times and then included 21 additional bits as before tocreate a total search space of 230. Figure 4 shows theresults of applying both algorithms to this problem with aagain ranging from 0 to 10. In this case the GA did notalways find the global optimum (it’s a heuristic as well),but again significantly outperformed SBS when a > 1.

02.557.51012.5 f ( x 0 , x 1 , x 2 )

0

2.5

5

7.5

10

12.5Coefficient a

SBSGAFigure 3: The comparison results of varying a

02.557.51012.5

3� f(x0i,x1i,x2i)i=1

0

2.5

5

7.5

10

12.5Coefficient a

SBSGAFigure 4: The comparison results of varying aTo see more clearly the effects of increasing thenumber of 3-feature dependencies would have on the twoalgorithms, we fixed a = 4 and varied the number of 3-feature dependencies from 1 to 10, in each case filling in asbefore with additional extraneous bits to keep the searchspace at 230. The results are shown in Figure 5 andindicate quite clearly that the advantage of a GA approachincreases with the number of such dependencies.

010203040

n� f ( x 0i, x 1i, x 2i)i=1

0.0

2.5

5.0

7.5

10.0

12.5repetition

SBSGAFigure 5: Varying the number of repetitionsof3-feature dependenciesAs a final experiment in this artificial domain, weconstructed m-feature dependencies by overlapping 3-feature problems (i.e., shared features). Figure 6 presentsthe results of this experiment. Again, as expected, the GAapproach performs significantly better as the number ofdependencies grows.

05101520

3� f ( x 0i+ x 1i+ x 2i)i=1

0.0

2.5

5.0

7.5

10.0 dependencies

SBSGAFigure 6: Varying the number ofinterdependencies

These initial results served to clarify ourunderstanding of the two algorithms and provided insightinto the kinds of behavior seen in earlier experimentsusing real data, namely, that the high variance in theperformance of the greedy algorithm was due to featureinterdependencies, and that a GA approach would be morerobust in general, but less efficient when there were few orno such interactions. In the following section we describetwo classes of experiments that support this view.5.2 Realistic Problem SetsThe first example is based on texture images thatwere randomly selected from Brodatz album of textures [1].These images are depicted in Figure 7. One hundredfeature vectors, each containing 18 features were thenrandomly extracted from an arbitrary selected area of 30 by30 pixels from each of the chosen textures.The goal of thisexperiment was to find an optimal set of features to beused by AQ15 in order to induce texture classification rules(for a detailed description, see [9]). In order to obtainprecise measurements of the classification accuracyassociated with a particular feature set, AQ15 had to be runto produce the rules, and then the rules had to be tested foraccuracy. Since this can be a computationally expensiveprocess for large data sets, a heuristic evaluation functiontaken from the feature selection literature was used instead.The heuristic involves selecting feature subsets whichmaximally separate classes using a Euclidean distancemeasure [4]. More specifically, the function to bemaximized is: c c ni njJ(e) = 1/2 � Pi � Pj 1/ni nj � � ¶( eik, ejl) i=1 j=1 k=1 l=1where: c denotes the number of classes eik, ejl are testing examples from class i and jrespectively ¶( eik, ejl) represents the Euclidean distance betweentwo elements ni, nj denote the number of training examplesfor the class i and j respectively Pi, Pjare the probabilities for the class i and jrespectivelyFigure 8 shows the results of a typical experiment on thisdata. J(e) induced relatively little interaction among thefeatures, so both algorithms find the optimal subset, butSBS requires fewer trials (executions of the given criterionfunction).Unfortunately, the heuristic evaluation function isnot all that good, and so the improvement of the actualrecognition rate of the AQ15-produced rules was notstrongly correlated with improvements in J(e).

051015

J(e)

0

200

400

600

800trials

SBSGAFigure 8: The comparison results ofperformance over timeIn our second example we used a smaller data set(breast cancer data) and used the more computationallyexpensive way to evaluate feature subsets: by runningAQ15 for each feature set to be evaluated and measuringthe classification accuracy of the rules produced on the testdata. As one might expect, the combination of the ruleinduction process and the classification evaluation functionproduced rather strong interactions among the features.Figure 9 show the results of a typical experiment in thiscontext. The robustness of the GA approach is quiteevident here.

0102030405060

Recognition performance (AQ15 based)

0

100

200

300

500

600trials

Greedy

GA Figure 9: The comparison results ofperformance over time6. Summary and ConclusionsThe goal of the research reported here was tounderstand better the observed brittleness of traditionalfeature selection algorithms and to use that knowledge todevelop more robust approaches. The results suggest thatthe source of the brittleness is a tendency to get trapped onlocal peaks caused by interdependencies among features.Extending these algorithms directly to avoid such localminima was viewed as computationally prohibitive.Rather, a fairly straightforward implementation of geneticalgorithms proved quite effective in improving therobustness of feature selection over a range of problemswithout significant increases in computational complexity.At the same time, it should be noted that thetraditional approach is more efficient when the number ofinteracting features is small. An interesting open questionis whether a multistrategy approach could be developedwhich could combine the two approaches since, in general,information about the degree of interactions is generallynot available a priori.AcknowledgmentsThis research was conducted in the Center forArtificial Intelligence at George Mason University. TheCenter’s research are supported in part by AdvancedResearch Projects Agency under grant No. N00014-91-J-1854, administrated by the office of Naval Research, andunder the grant No. F49620-92-J-0549, administered bythe Air Force Office of Scientific Research, and in part bythe Office of Naval Research under grant No.N00014-91-J-1351, and in part by the National ScienceFoundation under grant No. IRI-9020266.References[1] Brodatz, P. �A Photographic Album for Arts and Design,�Dover Publishing Co., Toronto, Canada, 1966.[2] De Jong, K. �Analysis of the behavior of a class ofgenetic adaptive systems,� Ph.D. Thesis, Department ofComputer and Communications Sciences, University ofMichigan, Ann Arbor, MI., 1975.[3] De Jong, K. �Learning with Genetic Algorithms : Anoverview,� Machine Learning Vol. 3, Kluwer Academicpublishers, 1988.[4] Devijver, P., and Kittler, J. �PATTERN RECOGNITION: ASTATISTICAL APPROACH,� Prentice Hall, 1982.[5] Dom, B., Niblack, W., and Sheinvald, J. �Featureselection with stochastic complexity,� Proceedings of IEEEConference on Computer Vision and Pattern Recognition,Rosemont, IL., 1989.

[6] Grefenstette, John J. Technical Report CS-83-11,Computer Science Dept., Vanderbilt Univ., 1984.[7] Holland, J. H.. �Adaptation in Natural and ArtificialSystems,� University of Michigan Press, Ann Arbor, MI.,1975.[8] Kittler, J. � Feature set search algorithms,� in PatternRecognition and Signal Processing, C.H. Chen, Ed., Sijthoffand Noordhoff, The Netherlands, 1978.[9] Vafaie, H., and De Jong, K.A., �Improving theperformance of a Rule Induction System Using GeneticAlgorithms,� Proceedings of the First InternationalWorkshop on MULTISTRATEGY LEARNING, Harpers Ferry,W. Virginia, USA, 1991.