
Ben
hmarking Attribute Sele
tionTe
hniques for Data MiningMark A. HallGeo�rey HolmesDepartment of Computer S
ien
e, University of WaikatoHamilton, New ZealandAbstra
tData engineering is generally 
onsidered to be a 
entral issue in the de-velopment of data mining appli
ations. The su

ess of many learnings
hemes, in their attempts to 
onstru
t models of data, hinges on thereliable identi�
ation of a small set of highly predi
tive attributes. Thein
lusion of irrelevant, redundant and noisy attributes in the model build-ing pro
ess phase 
an result in poor predi
tive performan
e and in
reased
omputation.Attribute sele
tion generally involves a 
ombination of sear
h and at-tribute utility estimation plus evaluation with respe
t to spe
i�
 learnings
hemes. This leads to a large number of possible permutations and hasled to a situation where very few ben
hmark studies have been 
ondu
ted.This paper presents a ben
hmark 
omparison of several attribute se-le
tion methods. All the methods produ
e an attribute ranking, a usefuldevise for isolating the individual merit of an attribute. Attribute sele
-tion is a
hieved by 
ross-validating the rankings with respe
t to a learnings
heme to �nd the best attributes. Results are reported for a sele
tion ofstandard data sets and two learning s
hemes C4.5 and naive Bayes.1 Introdu
tionMany fa
tors a�e
t the su

ess of data mining algorithms on a given task. Thequality of the data is one su
h fa
tor|if information is irrelevant or redundant,or the data is noisy and unreliable, then knowledge dis
overy during trainingis more diÆ
ult. Attribute subset sele
tion is the pro
ess of identifying andremoving as mu
h of the irrelevant and redundant information as possible.Learning algorithms di�er in the amount of emphasis they pla
e on attributesele
tion. At one extreme are algorithms su
h as the simple nearest neighbourlearner, that 
lassi�es novel examples by retrieving the nearest stored trainingexample, using all the available features in its distan
e 
omputations. At theother extreme are algorithms that expli
itly try to fo
us on relevant features andignore irrelevant ones. De
ision tree indu
ers are examples of this approa
h.By testing the values of 
ertain attributes, de
ision tree algorithms attemptto divide training data into subsets 
ontaining a strong majority of one 
lass.This ne
essitates the sele
tion of a small number of highly predi
tive featuresin order to avoid over �tting the training data. Regardless of whether a learnerattempts to sele
t attributes itself or ignores the issue, attribute sele
tion prior1



to learning 
an be bene�
ial. Redu
ing the dimensionality of the data redu
esthe size of the hypothesis spa
e and allows algorithms to operate faster and moree�e
tively. In some 
ases a

ura
y on future 
lassi�
ation 
an be improved; inothers, the result is a more 
ompa
t, easily interpreted representation of thetarget 
on
ept.Attribute sele
tion as a prepro
essing step to learning generally involves a
ombination of sear
h and attribute utility estimation. When the evaluation ofthe sele
ted features with respe
t to learning algorithms is 
onsidered as wellit leads to a large number of possible permutations. This fa
t, along with the
omputational 
ost of some attribute sele
tion te
hniques, has led to a situationwhere very few ben
hmark studies have been 
ondu
ted.This paper helps to �ll the void by providing a ben
hmark 
omparison ofattribute sele
tion te
hniques that produ
e ranked lists of attributes. Thesemethods are not only useful for improving the performan
e of learning algo-rithms; the rankings they produ
e 
an also provide the data miner with in-sight into their data by 
learly demonstrating the relative merit of individualattributes. The next se
tion des
ribes the attribute sele
tion te
hniques 
om-pared in the ben
hmark. Se
tion 3 outlines the experimental methodology usedand brie
y des
ribes the Weka Experiment Editor (a powerful Java based sys-tem that was used to run the ben
hmarking experiments). Se
tion 4 presentsthe results. The last se
tion summarizes the �ndings.2 Attribute Sele
tion Te
hniquesAttribute sele
tion te
hniques 
an be 
ategorized a

ording to a number of 
ri-teria. One popular 
ategorization has 
oined the terms \�lter" and \wrapper"to des
ribe the nature of the metri
 used to evaluate the worth of attributes[7℄. Wrappers evaluate attributes by using a

ura
y estimates provided by thea
tual target learning algorithm. Filters, on the other hand, use general 
har-a
teristi
s of the data to evaluate attributes and operate independently of anylearning algorithm. Another useful taxonomy 
an be drawn by dividing algo-rithms into those whi
h evaluate (and hen
e rank) individual attributes andthose whi
h evaluate (and hen
e rank) subsets of attributes. The latter group
an be split further on the basis of the sear
h te
hnique 
ommonly employedwith ea
h method to explore the spa
e of attribute subsets1. Some attributesele
tion te
hniques 
an handle regression problems, that is, when the 
lass is anumeri
 rather than dis
rete valued variable. This provides yet another dimen-sion to 
ategorize methods. Although some of the methods 
ompared hereinare 
apable of handling regression problems, this study has been restri
ted todis
rete 
lass data sets as all the methods are 
apable of handling this sort ofproblem.By fo
using on te
hniques that rank attributes we have simpli�ed the matter1It is important to note that any sear
h te
hnique 
an be used with a method that eval-uates attribute subsets and that many of the possible permutations that this leads to haveyet to be explored



by redu
ing the number of possible permutations. That is not to say that wehave ignored those methods that evaluate subsets of attributes; on the 
ontrary,it is possible to obtain ranked lists of attributes from these methods by usinga simple hill 
limbing sear
h and for
ing it to 
ontinue to the far side of thesear
h spa
e. For example, forward sele
tion hill 
limbing sear
h starts withan empty set and evaluates ea
h attribute individually to �nd the best singleattribute. It then tries ea
h of the remaining attributes in 
onjun
tion withthe best to �nd the best pair of attributes. This pro
ess 
ontinues until nosingle attribute addition improves the evaluation of the subset. By for
ing thesear
h to 
ontinue (even though the best attribute added at ea
h step maya
tually de
rease the evaluation of the subset as a whole) and by noting ea
hattribute as it is added, a list of attributes ranked a

ording to their in
rementalimprovement to the subset is obtained.The rest of this se
tion is devoted to a brief des
ription of ea
h of themethods 
ompared in the ben
hmark. There are three methods that evaluateindividual attributes and produ
e a ranking unassisted, and a further threemethods whi
h evaluate subsets of attributes. The forward sele
tion sear
hmethod des
ribed above is used with these last three methods to produ
e rankedlists of attributes. The methods 
over major developments in attribute sele
tionfor ma
hine learning over the last de
ade. We also in
lude a 
lassi
al statisti
alte
hnique for dimensionality redu
tion.2.1 Information Gain Attribute RankingThis is one of the simplest (and fastest) attribute ranking methods and is oftenused in text 
ategorization appli
ations [3℄ where the sheer dimensionality ofthe data pre
ludes more sophisti
ated attribute sele
tion te
hniques. If A is anattribute and C is the 
lass, Equations 1 and 2 give the entropy of the 
lassbefore and after observing the attribute.H(C) = �X
2C p(
)log2p(
); (1)H(CjA) = �Xa2A p(a)X
2C p(
ja)log2p(
ja): (2)The amount by whi
h the entropy of the 
lass de
reases re
e
ts the ad-ditional information about the 
lass provided by the attribute and is 
alledinformation gain [10℄.Ea
h attribute Ai is assigned a s
ore based on the information gain betweenitself and the 
lass:IGi = H(C)�H(CjAi) (3)= H(Ai)�H(AijC)= H(Ai) +H(C)�H(Ai; C):



Data sets with numeri
 attributes are �rst dis
retized using the method ofFayyad and Irani [4℄.2.2 ReliefRelief is an instan
e based attribute ranking s
heme introdu
ed by Kira andRendell [6℄ and later enhan
ed by Kononenko [8℄. Relief works by randomlysampling an instan
e from the data and then lo
ating its nearest neighbourfrom the same and opposite 
lass. The values of the attributes of the nearestneighbours are 
ompared to the sampled instan
e and used to update relevan
es
ores for ea
h attribute. This pro
ess is repeated for a user spe
i�ed numberof instan
es m. The rationale is that a useful attribute should di�erentiatebetween instan
es from di�erent 
lasses and have the same value for instan
esfrom the same 
lass.Relief was originally de�ned for two-
lass problems and was later extended(ReliefF) to handle noise and multi-
lass data sets [8℄. ReliefF smoothes thein
uen
e of noise in the data by averaging the 
ontribution of k nearest neigh-bours from the same and opposite 
lass of ea
h sampled instan
e instead of thesingle nearest neighbour. Multi-
lass data sets are handled by �nding nearestneighbours from ea
h 
lass that is di�erent from the 
urrent sampled instan
eand weighting their 
ontributions by the prior probability of ea
h 
lass.2.3 Prin
ipal ComponentsPrin
ipal 
omponent analysis is a statisti
al te
hnique that 
an redu
e the di-mensionality of data as a by-produ
t of transforming the original attributespa
e. Transformed attributes are formed by �rst 
omputing the 
ovarian
ematrix of the original attributes, and then extra
ting its eigenve
tors. Theeigenve
tors (prin
ipal 
omponents) de�ne a linear transformation from theoriginal attribute spa
e to a new spa
e in whi
h attributes are un
orrelated.Eigenve
tors 
an be ranked a

ording to the amount of variation in the originaldata that they a

ount for. Typi
ally the �rst few transformed attributes a
-
ount for most of the variation in the data and are retained, while the remainderare dis
arded.It is worth noting that of all the attribute sele
tion te
hniques 
ompared,prin
ipal 
omponents is the only unsupervised method|that is, it makes nouse of the 
lass attribute. Our implementation of prin
ipal 
omponents handlesk-valued dis
rete attributes by 
onverting them to k binary attributes. Thishas the disadvantage of in
reasing the dimensionality of the original spa
e whenmulti-valued dis
rete attributes are present.2.4 CFSCFS (Correlation-based Feature Sele
tion) [5℄ is the �rst of the methods thatevaluate subsets of attributes rather than individual attributes. At the heartof the algorithm is a subset evaluation heuristi
 that takes into a

ount the



usefulness of individual features for predi
ting the 
lass along with the level ofinter
orrelation among them. The heuristi
 (Equation 4) assigns high s
oresto subsets 
ontaining attributes that are highly 
orrelated with the 
lass andhave low inter
orrelation with ea
h other.Merits = kr
fpk + k(k � 1)rff ; (4)where MeritS is the heuristi
 \merit" of a feature subset S 
ontaining k fea-tures, r
f the average feature-
lass 
orrelation, and rff the average feature-feature inter
orrelation. The numerator 
an be thought of as giving an indi
a-tion of how predi
tive a group of features are; the denominator of how mu
hredundan
y there is among them. The heuristi
 handles irrelevant features asthey will be poor predi
tors of the 
lass. Redundant attributes are dis
rimi-nated against as they will be highly 
orrelated with one or more of the otherfeatures.In order to apply Equation 4 it is ne
essary to 
ompute the 
orrelation(dependen
e) between attributes. CFS �rst dis
retizes numeri
 features usingthe te
hnique of Fayyad and Irani [4℄ and then uses symmetri
al un
ertainty(essentially Equation 3 normalized by the entropy of the attributes involved)to estimate the degree of asso
iation between dis
rete features.2.5 Consisten
y-based Subset EvaluationSeveral approa
hes to attribute subset sele
tion use 
lass 
onsisten
y as anevaluation metri
 [1, 9℄. These methods look for 
ombinations of attributeswhose values divide the data into subsets 
ontaining a strong single 
lass ma-jority. Usually the sear
h is biased towards small feature subsets with high 
lass
onsisten
y. Our 
onsisten
y-based subset evaluator uses Liu and Setiono's [9℄
onsisten
y metri
:Consisten
ys = 1� PJi=0 jDij � jMijN ; (5)where s is an attribute subset, J is the number of distin
t 
ombinations ofattribute values for s, jDij is the number of o

urren
es of the ith attributevalue 
ombination, jMij is the 
ardinality of the majority 
lass for the ithattribute value 
ombination and N is the total number of instan
es in the dataset.Data sets with numeri
 attributes are �rst dis
retized using the method ofFayyad and Irani [4℄.2.6 Wrapper Subset EvaluationAs des
ribed at the start of this se
tion Wrapper attribute sele
tion uses thetarget learning algorithm to estimate the worth of attribute subsets. Cross-validation is used to provide an estimate for the a

ura
y of a 
lassi�er on novel



data when using only the attributes in a given subset. Our implementation usesrepeated �ve-fold 
ross-validation for a

ura
y estimation. Cross-validation isrepeated as long as the standard deviation over the runs is greater than oneper
ent of the mean a

ura
y or until �ve repetitions have been 
ompleted [7℄.Wrappers generally give better results than �lters be
ause of the intera
tionbetween the sear
h and the learning s
heme's indu
tive bias. But improvedperforman
e 
omes at the 
ost of 
omputational expense|a result of having toinvoke the learning algorithm for every attribute subset 
onsidered during thesear
h.3 Experimental MethodologyOur ben
hmark experiment applied the attribute sele
tion te
hniques to sixteenstandard ma
hine learning data sets from the UCI 
olle
tion [2℄. These datasets and their 
hara
teristi
s are summarized in Table 1. In order to 
omparethe e�e
tiveness of attribute sele
tion, attribute sets 
hosen by ea
h te
hniquewere tested with two learning algorithms|a de
ision tree learner (C4.5 release8) and a probabilisti
 learner (naive Bayes). These two algorithms were 
hosenbe
ause they represent two quite di�erent approa
hes to learning and they arerelatively fast, state-of-the-art algorithms that are often used in data miningappli
ations. Table 1: Data sets.Data Set Instan
es Num. Nom. Classes1 glass-2 163 9 0 22 anneal 898 6 32 53 breast-
 286 0 9 24 
redit-g 1000 7 13 25 diabetes 768 8 0 26 horse 
oli
 368 7 15 27 heart-
 303 6 7 28 heart-stat 270 13 0 29 ionosphere 351 34 0 210 labor 57 8 8 211 lymph 148 3 15 412 segment 2310 19 0 713 soybean 683 0 35 1914 vote 435 0 16 215 zoo 101 1 16 7The per
entage of 
orre
t 
lassi�
ations, averaged over ten ten-fold 
rossvalidation runs, were 
al
ulated for ea
h algorithm-data set 
ombination be-fore and after attribute sele
tion. For ea
h train-test split, the dimensionalitywas redu
ed by ea
h attribute sele
tor before being passed to the learning al-gorithms. Dimensionality redu
tion was a

omplished by 
ross validating theattribute rankings produ
ed by ea
h attribute sele
tor with respe
t to the 
ur-rent learning algorithm. That is, ten-fold 
ross validation on the training partof ea
h train-test split was used to estimate the worth of the highest ranked



attribute, the �rst two highest ranked attributes, the �rst three highest rankedattributes et
. The highest n ranked attributes with the best 
ross validateda

ura
y was 
hosen as the best subset. For the attribute sele
tion te
hniquesthat require data pre-pro
essing, a 
opy of ea
h training split was made for themto operate on. The same folds were used for ea
h attribute sele
tor-learnings
heme 
ombination. Although �nal a

ura
y of the indu
ed models using theredu
ed feature sets was of primary interest, we also re
orded statisti
s su
h asthe number of attributes sele
ted, time taken to sele
t attributes and the sizeof the de
ision trees indu
ed by C4.5.3.1 Weka Experiment EditorTo perform the ben
hmark experiment we used Weka2 (Waikato Environmentfor Knowledge Analysis)|a powerful open-sour
e Java-based ma
hine learningworkben
h that 
an be run on any 
omputer that has a Java run time environ-ment installed. Weka brings together many ma
hine learning algorithms andtools under a 
ommon framework with an intuitive graphi
al user interfa
e.Weka has two primary modes: a data exploration mode and an experimentmode. The Explorer provides easy a

ess to all of Weka's data prepro
essing,learning, attribute sele
tion and data visualization modules in an environmentthat en
ourages initial exploration of the data. The Experimenter allows larges
ale experiments to be run with results stored in a database for later retrievaland analysis. Figure 1 shows the 
on�guration panel of the Experimenter.4 ResultsTable 2: Results for attribute sele
tion with naive BayesData Set NB IG RLF CNS PC CFS WRPzoo 95.04 94.34 � 93.37 � 93.85 � 93.86 93.94 � 94.34heart-
 83.83 82.54 � 82.12 � 82.28 � 81.85 � 82.64 � 82.68 �ionosphere 82.6 88.78 Æ 89.52 Æ 89.95 Æ 90.72 Æ 89.75 Æ 91.28 Æsoybean 92.9 92.43 � 92.56 � 92.81 90.93 � 92.46 92.64glass2 62.33 67.42 Æ 63.83 Æ 68.31 Æ 66.74 Æ 71.08 Æ 75.06 Ævote 90.19 95.63 Æ 95.33 Æ 95.82 Æ 92.32 Æ 95.63 Æ 95.93 Æheart-stat 84.37 85.11 86 Æ 83.48 � 82.07 � 85.07 85lymph 83.24 82.63 81.47 � 82.55 79.67 � 82.35 84.11labor 93.93 89.17 � 90.97 � 92 � 89.77 � 89.2 � 85.77 �diabetes 75.73 76.24 75.95 75.64 74.42 � 76.19 76.12breast-
 73.12 72.84 70.99 � 71.79 73.54 73.01 72.28
redit-g 74.98 74.36 74.49 � 74.06 � 73.3 � 74.33 74.35segment 80.1 87.17 Æ 86.97 Æ 85.98 Æ 90.03 Æ 89.03 Æ 89.57 Æhorse 
oli
 78.28 83.2 Æ 82.58 Æ 82.77 Æ 78.56 83.01 Æ 82.61 Æanneal 86.51 87.06 Æ 89.17 Æ 89.71 Æ 90.65 Æ 87.16 92.91 ÆÆ, � statisti
ally signi�
ant improvement or degradation2http://www.
s.waikato.a
.nz/�ml



Figure 1: Weka Experimenter.Table 3: Wins versus losses for a

ura
y of attribute sele
tion with naive Bayes.S
heme Wins� Wins LossesLossesWRP 30 34 4CFS 7 21 14CNS 2 21 19IG -2 17 19RLF -3 19 22NB -7 28 35PC -27 17 44Table 2 shows the results for attribute sele
tion with naive Bayes. Thetable shows how often ea
h method performs signi�
antly better (denoted bya Æ) or worse (denoted by a �) than performing no feature sele
tion (
olumn2). Throughout we speak of results being signi�
antly di�erent if the di�eren
eis statisti
ally signi�
ant at the 1% level a

ording to a paired two-sided ttest. From Table 2 it 
an be seen that the best result is from the Wrapperwhi
h improves naive Bayes on six data sets and degrades it on two. CFS isse
ond best with improvement on �ve datasets and degradation on three. Thesimple information gain te
hnique (IG) results in six improvements and fourdegradations. The 
onsisten
y method (CNS) improves naive Bayes on six datasets and degrades it on �ve. ReliefF gives better performan
e on seven datasets but also degrades performan
e on seven. Prin
ipal 
omponents 
omes outthe worst with improvement on �ve data sets and degradation on seven.



Table 3 ranks the attribute sele
tion s
hemes. A pairwise 
omparison ismade between ea
h s
heme and all of the others. The number of times ea
hs
heme is signi�
antly more or less a

urate than another is re
orded and thes
hemes are ranked by the total number of \wins" minus \losses". From thistable it 
an be seen that the Wrapper is 
learly the best with 34 wins and onlyfour losses against the other s
hemes. CFS and the 
onsisten
y method are theonly other s
hemes that have more wins than losses.Table 4: Results of attribute sele
tion with C4.5Data Set C4.5 IG CFS CNS RLF WRP PCzoo 92.26 91.65 91.06 � 93.65 Æ 92.95 90.45 � 91.49heart-stat 78.67 84.52 Æ 85.33 Æ 84.11 Æ 82 Æ 82.11 Æ 82.22 Æionosphere 89.74 89.4 91.09 Æ 91.05 91.43 91.8 Æ 88.8diabetes 73.74 73.92 73.67 73.71 73.58 73.5 71.51 �vote 96.46 95.84 � 95.65 � 95.98 � 95.79 � 95.74 � 92.07 �
redit-g 71.18 72.72 72.99 Æ 72.2 71.63 72.23 69.34 �soybean 92.48 92.4 91.14 � 92.43 92.43 92.19 83.75 �heart-
 76.64 78.95 Æ 79.11 Æ 80.23 Æ 80.4 Æ 77 82.65 Æglass2 77.97 78.35 78.53 77.05 79.53 76.53 66.41 �labor 80.2 80.6 81 79.73 79.53 78.33 88.6 Ælymph 75.5 73.09 � 73.41 75.43 76.83 76.63 74.6breast-
 73.87 73.75 73.7 72.24 � 72.77 73.43 70.62 �segment 96.9 96.81 96.94 96.87 96.89 96.92 93.95 �anneal 98.58 98.72 98.47 98.65 98.73 98.66 96.26 �horse 
oli
 85.44 84.18 � 83.94 � 84 � 84.9 84.14 � 78.18 �Æ, � statisti
ally signi�
ant improvement or degradationTable 5: Wins versus losses for a

ura
y of attribute sele
tion with C4.5S
heme Wins� Wins LossesLossesRLF 15 22 7CNS 12 20 8C4.5 7 23 16CFS 5 21 16WRP 5 17 12IG 2 15 13PC -46 12 58Table 4 shows the results for attribute sele
tion with C4.5 and Table 5 showsthe \wins" minus \losses" ranking for ea
h s
heme when 
ompared against theothers. The results are somewhat di�erent than for naive Bayes. The bests
heme for C4.5 is ReliefF whi
h improves C4.5's performan
e on two data setsand degrades it on one. It is also top of the ranking with 22 wins and onlyseven losses against the other s
hemes. Consisten
y is the only other s
hemethat is ranked higher than using no feature sele
tion with C4.5; it improvesC4.5's performan
e on three data sets and degrades performan
e on three datasets. CFS and the Wrapper are tied at fourth in the ranking. CFS improvesC4.5's performan
e on four data sets (more than any other s
heme) but alsodegrades performan
e on four datasets. The Wrapper improves performan
e



on two datasets and degrades performan
e on three.The su

ess of ReliefF and 
onsisten
y with C4.5 
ould be attributableto their ability to identify attribute intera
tions (dependen
ies). In
ludingstrongly intera
ting attributes in a redu
ed subset in
reases the likelihood thatC4.5 will dis
over and use intera
tions early on in tree 
onstru
tion beforethe data be
omes too fragmented. Naive Bayes, on the other hand, is un-able to make use of intera
ting attributes be
ause of its attribute independen
eassumption. Two reasons 
ould a

ount for the poorer performan
e of theWrapper with C4.5. First, the nature of the sear
h (forward sele
tion) used togenerate the ranking 
an fail to identify strong attribute intera
tions early on,with the result that the attributes involved are not ranked as highly as theyperhaps should be. The se
ond reason has to do with the Wrapper's attributeevaluation|�ve fold 
ross validation on the training data. Using 
ross valida-tion entails setting aside some training data for evaluation with the result thatless data is available for building a model.Table 6: Size of trees produ
ed by C4.5 with and without attribute sele
tion.Data Set C4.5 IG CFS CNS RLF WRP PCzoo 15.64 13.22 Æ 13.74 Æ 13.44 Æ 13.04 Æ 13.98 Æ 13.02 Æheart-stat 34.84 12.12 Æ 11.98 Æ 13.52 Æ 13.66 Æ 14.92 Æ 4.82 Æionosphere 26.58 21.84 Æ 16.64 Æ 17.14 Æ 17.22 Æ 13.9 Æ 20.04 Ædiabetes 41.54 14.62 Æ 15.92 Æ 16.54 Æ 16.74 Æ 17.06 Æ 30.52 Ævote 10.64 9.44 Æ 8.64 Æ 9.92 Æ 9 Æ 9.72 Æ 20.44 �
redit-g 125.05 57.34 Æ 60.39 Æ 61.82 Æ 68.52 Æ 63.48 Æ 10.98 Æsoybean 92.27 86.5 Æ 88.29 Æ 92.25 91.21 90.75 88.84heart-
 42.34 19.72 Æ 19.45 Æ 22.48 Æ 23.17 Æ 24.2 Æ 8.16 Æglass2 23.78 14.88 Æ 16.28 Æ 16.26 Æ 17.12 Æ 16.22 Æ 11.18 Ælabor 6.96 6.22 Æ 6.1 Æ 6.18 Æ 5.48 Æ 6.13 Æ 5.88 Ælymph 27.41 14.71 Æ 14.35 Æ 12.26 Æ 14.56 Æ 14.43 Æ 18.18 Æbreast-
 12.38 10.47 10.26 15.09 11.8 8.42 Æ 7.72 Æsegment 81.86 80.82 80.26 79.44 Æ 80.96 79.5 119 �anneal 49.75 48.45 50.06 46.83 Æ 46.73 Æ 48.63 38.94 Æhorse 
oli
 8.57 21.18 � 25.75 � 8.81 20.64 � 20.9 � 6.42 ÆÆ, � statisti
ally signi�
ant improvement or degradationTable 7: Wins versus losses for C4.5 tree sizeS
heme Wins� Wins LossesLossesPC 21 47 26CFS 15 30 15IG 13 29 16RLF 7 25 18CNS 6 26 20WRP 0 22 22C4.5 -62 6 68Table 6 
ompares the size (number of nodes) of the trees produ
ed by ea
hattribute sele
tion s
heme against the size of the trees produ
ed by C4.5 withno attribute sele
tion. Smaller trees are preferred as they are easier to in-



terpret. From Table 6 and the ranking given in Table 7 it 
an be seen thatprin
ipal 
omponents produ
es the smallest trees, but sin
e a

ura
y is gener-ally degraded it is 
lear that models using the transformed attributes do notne
essarily �t the data well. CFS is se
ond in the ranking and produ
es smallertrees than C4.5 on 11 data sets with a larger tree on one dataset. Informationgain, ReliefF and the Wrapper also produ
e smaller trees than C4.5 on 11 datasets but by and large produ
e larger trees than CFS. Consisten
y produ
essmaller trees than C4.5 on 12 data sets and never produ
es a larger tree. Itappears quite low on the ranking be
ause it generally produ
es slightly largertrees than the other s
hemes.Table 8: Number of features sele
ted for naive Bayes. Figures in bra
kets showthe per
entage of the original features retained.Data Set Orig IG RLF CNS PC CFS WRPzoo 17 12.8(75%) 12.5 (74%) 16.3 (96%) 4.7 (28%) 13.6 (80%) 10.5 (62%)heart-
 13 7.1 (55%) 8.6 (66%) 8.7 (67%) 3.6 (28%) 7.2 (55%) 8.7 (67%)ionosphere 34 7.9 (23%) 8.1 (24%) 10.5 (31%) 18.1(53%) 12.6 (37%) 11.7 (34%)soybean 35 30.9(88%) 31.3 (89%) 32.7 (93%) 36 (103%) 25.8 (74%) 20.8 (59%)glass2 9 2.7 (30%) 3.2 (35%) 3.9 (44%) 4.5 (50%) 2.1 (24%) 1.9 (22%)vote 16 1 (6%) 1.7 (11%) 2.6 (16%) 14.9(93%) 1 (6%) 3 (19%)heart-stat 13 7.8 (60%) 9.2 (71%) 10.2 (79%) 2.6 (20%) 7.9 (61%) 10 (77%)lymph 18 16.6(92%) 13.1 (73%) 14.3 (79%) 15.3(85%) 15 (84%) 13.1 (73%)labor 16 12.1(75%) 13.6 (85%) 13.7 (86%) 4.3 (27%) 11.8 (74%) 9 (56%)diabetes 8 2.7 (34%) 3.6 (45%) 4 (50%) 5.9 (74%) 2.8 (35%) 4.1 (53%)breast-
 9 3.8 (42%) 7.4 (82%) 5.7 (63%) 5.2 (57%) 2.7 (30%) 3.2 (36%)
redit-g 20 13.2(66%) 14.3 (72%) 13.6 (68%) 19.9(100%) 12.4 (62%) 10.7 (53%)segment 19 11 (58%) 11.1 (58%) 5 (26%) 15.2(80%) 7.9 (42%) 9.2 (48%)horse 
oli
 22 5.8 (26%) 4.1 (18%) 3.9 (18%) 22.8(104%) 5.8 (26%) 6.2 (28%)anneal 38 10.1(27%) 3.7 (10%) 5.4 (14%) 38.9(103%) 7.1 (19%) 25.4 (67%)Table 9: Wins versus losses for number of features sele
ted for naive Bayes.S
heme Wins� Wins LossesLossesCFS 24 42 18IG 11 35 24WRP 9 35 26RLF -1 30 31CNS -15 21 36PC -28 21 49Table 8 shows the average number of attributes sele
ted by ea
h s
hemefor naive Bayes and Table 9 shows the \wins" versus \losses" ranking. Table8 shows that most s
hemes (with the ex
eption of prin
ipal 
omponents) re-du
e the number of features by about 50% on average. Prin
ipal 
omponentssometimes in
reases the number of features. From Table 9 it 
an be seen thatCFS 
hooses fewer features 
ompared to the other s
hemes|retaining around48% of the attributes on average. The Wrapper, whi
h was the 
lear winneron a

ura
y, is third in the ranking|retaining just over 50% of the attributeson average.



Table 10 shows the average number of features sele
ted by ea
h s
heme forC4.5 and Table 11 shows the \wins" versus \losses" ranking. As to be expe
ted,fewer features are retained by the s
hemes for C4.5 than for naive Bayes. CFSand the Wrapper retain about 42% of the features on average. ReliefF, whi
hwas the winner on a

ura
y, retains 52% of the features on average. As wasthe 
ase with naive Bayes, CFS 
hooses fewer features for C4.5 than the others
hemes (Table 11). ReliefF is at the bottom of the ranking in Table 11 but itslarger feature set sizes are justi�ed by higher a

ura
y than the other s
hemes.Table 10: Number of features sele
ted for C4.5. Figures in bra
kets show theper
entage of the original features retained.Data Set Orig IG CFS CNS RLF WRP PCzoo 17 11.4(67%) 9 (53%) 11.2 (66%) 10.5 (62%) 7.1 (42%) 10.5(62%)heart-stat 13 3.2 (25%) 3 (23%) 3.6 (28%) 5.6 (43%) 4.6 (35%) 2.1 (16%)ionosphere 34 12.2(36%) 6.9 (20%) 9.3 (27%) 8.7 (26%) 7.2 (21%) 10.2(30%)diabetes 8 3.2 (40%) 3.4 (43%) 3.6 (45%) 3.9 (49%) 3.8 (47%) 5.9 (74%)vote 16 11.6(72%) 9.6 (60%) 6.5 (40%) 10.6 (66%) 8.6 (54%) 11.2(70%)
redit-g 20 7.8 (39%) 6.7 (34%) 8.1 (41%) 9.1 (45%) 7.7 (39%) 3.9 (19%)soybean 35 29.5(84%) 23.7 (68%) 35 (100%) 32.4 (93%) 19.2 (55%) 30.2(86%)heart-
 13 3.9 (30%) 3.5 (27%) 4 (31%) 5.1 (39%) 5.9 (45%) 3.8 (29%)glass2 9 4.2 (47%) 4.6 (51%) 4.4 (48%) 4.7 (52%) 4 (44%) 4.2 (47%)labor 16 3.9 (24%) 2.8 (18%) 6.6 (41%) 6.5 (40%) 3.3 (21%) 3.5 (22%)lymph 18 6.8 (38%) 5.3 (30%) 4 (22%) 4.5 (25%) 5.9 (33%) 9.2 (51%)breast-
 9 4.4 (49%) 4 (44%) 6.6 (73%) 6.9 (77%) 3.98 (44%) 4.4 (49%)segment 19 16.4(86%) 11.9 (63%) 9.5 (50%) 12.6 (66%) 9.2 (48%) 16.4(86%)anneal 38 16.6(44%) 21.3 (56%) 15.5 (41%) 20.4 (54%) 18.2 (48%) 36.4(96%)Table 11: Wins versus losses for number of features sele
ted for C4.5S
heme Wins� Wins LossesLossesCFS 24 35 11WRP 13 30 17CNS 2 26 24IG -8 18 26PC -8 17 25RLF -23 11 34It is interesting to 
ompare the speed of the attribute sele
tion te
hniques.We measured the time taken (in millise
onds3) to sele
t the �nal subset ofattributes. This in
ludes the time taken to generate the ranking and the timetaken to 
ross validate the ranking to determine the best set of features. Table12 shows the \wins" versus \losses" ranking for time taken to sele
t attributesfor naive Bayes. CFS and information gain are mu
h faster than the others
hemes. As expe
ted, the Wrapper is by far the slowest s
heme. Prin
ipal
omponents is also slow, probably due to extra data set pre-pro
essing and thefa
t that initial dimensionality in
reases when multi-valued dis
rete attributesare present.3This is a rough measure. Obtaining true 
pu time from within a Java program is quitediÆ
ult.



Table 12: Wins versus losses for time taken to sele
t attributes for naive Bayes.S
heme Wins� Wins LossesLossesCFS 50 57 7IG 49 56 7CNS 13 38 25RLF -10 29 39PC -36 17 53WRP -66 4 70Table 13: Wins versus losses for time taken to sele
t attributes for C4.5S
heme Wins� Wins LossesLossesCNS 34 46 12IG 29 42 13CFS 25 40 15RLF 12 36 24PC -34 20 54WRP -66 4 70Table 13 ranks the s
hemes by the time taken to sele
t attributes for C4.5.It is interesting to note that the 
onsisten
y method is the fastest in this 
ase.While 
onsisten
y does not rank attributes as fast as information gain, speedgains are made as a by-produ
t of the quality of the ranking produ
ed|withC4.5 it is faster to 
ross validate a good ranking than a poor one. This isbe
ause smaller trees are produ
ed and less pruning performed early on in theranking where the best attributes are. If poorer attributes are ranked near thetop then C4.5 may have to \work harder" to produ
e a tree. This e�e
t is notpresent with naive Bayes as model indu
tion speed is not a�e
ted by attributequality. Although ReliefF produ
es the best attribute rankings for C4.5, it isnot as fast as information gain. The instan
e-based nature of the algorithmmakes it quite slow to produ
e an attribute ranking.5 Con
lusionsThis paper has presented a ben
hmark 
omparison of six attribute sele
tionte
hniques that produ
e ranked lists of attributes. The ben
hmark shows thatin general, attribute sele
tion is bene�
ial for improving the performan
e of
ommon learning algorithms. It also shows that, like learning algorithms, thereis no single best approa
h for all situations. What is needed by the data mineris not only an understanding of how di�erent attribute sele
tion te
hniqueswork, but also the strengths and weaknesses of the target learning algorithm,along with ba
kground knowledge about the data (if available). All these fa
-tors should be 
onsidered when 
hoosing an attribute sele
tion te
hnique fora parti
ular appli
ation. For example, while the Wrapper using the forwardsele
tion sear
h was well suited to naive Bayes, using a ba
kward elimination



sear
h (whi
h is better at identifying attribute intera
tions) would have beenmore suitable for C4.5.Nevertheless, the results suggest some general re
ommendations. The winsversus losses tables show that, for a

ura
y, the Wrapper is the best attributesele
tion s
heme, if speed is not an issue. Otherwise CFS, 
onsisten
y andReliefF are good overall performers. CFS 
hooses fewer features, is faster andprodu
es smaller trees than the other two, but, if there are strong attributeintera
tions that the learning s
heme 
an use then 
onsisten
y or ReliefF is abetter 
hoi
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