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Abstract

We presert a novel ensenble pruning method
based on reordering the classi ers obtained
from bagging and then selectinga subsetfor
aggregation. Ordering the classi ers gener-
ated in bagging makes it possible to build
subensenbles of increasing size by includ-
ing rst those classiers that are expected
to perform best when aggregated. Ensenble
pruning is achieved by halting the aggrega-
tion processbefore all the classi ers gener-
ated are included into the ensenble. Pruned
subensenbles containing between 15% and
30% of the initial pool of classiers, be-
sides being smaller, improve the generaliza-
tion performanceof the full baggingensenble
in the classi cation problems investigated.

1. Intro duction

The construction of classi er ensenbles is an active
eld of researd in machine learning becauseof the
improvemens in classi cation accuracy that can be
obtained by combining the decisionsmade by the units
in the ensenble. Ensenble generation algorithms usu-
ally proceedin two phases:In a rst step a pool of
diverse classi ers is trained or selectedaccording to
someprescription. Dierent prescriptions lead to dif-
ferernt typesof ensenbles(bagging, boosting, etc. (Fre-
und & Sdapire, 1995; Breiman, 1996a; Dietterich,
2000; Webb, 2000; Breiman, 2001; Mart nez-Muroz
& Suarez, 2005)). In a secondstep, a conbiner ar-
ticulates the individual hypothesesto yield the nal
decision.

An important drawback of classi cation ensenbles is
that both the memory required to store the parame-
ters of the classi ers in the ensenble and the process-
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ing time neededto produce a classi cation increase
linearly with the number of classi ers in the ensenble.
Seweral strategieshave beenproposedto addressthese
shortcomings. One approad is to prune the ensem-
ble by selecting the classi ers that lead to improve-
merts in classi cation accuracy and discarding those
that are either detrimental to the performance of the
ensenble or contain redundant information (Domin-
gos, 1997; Margineantu & Dietterich, 1997; Prodro-
midis & Stolfo, 2001; Giacinto & Roli, 2001; Zhou
et al., 2002; Zhou & Tang, 2003; Bakker & Heskes,
2003; Mart nez-Muroz & Suarez, 2004). Besidesbe-
ing smaller, pruned ensenblescan perform better than
the original full ensenble (Zhou et al., 2002; Zhou &
Tang, 2003; Mart nez-Muroz & Suarez, 2004).

Pruning an ensenble of sizeT requiressearding in the
spaceof the 2T 1 non-empty subensenblesto mini-

mize a cost function correlated with the generalization
error. The seard problem can be showvn to be NP-
complete (Tamon & Xiang, 2000). In order to render
the solution feasiblevarious heuristic methods for en-
senble pruning have beendeweloped. In (Margineantu

& Dietterich, 1997) seweral heuristics are proposedto

reduce the size of an adaboost ensenble. This study
reports reductions up to 60-80% of the full ensenble
without a signi cant increasein the generalization er-
ror. In (Zhou et al., 2002; Zhou & Tang, 2003) the
selectionof the classi ers is made using a geneticalgo-
rithm. This procedurereducesthe sizeof an ensenble
composedof 20 treesto 8.1 trees (on average)slightly

reducing the error of the full baggingensenble (3% on
average). Other techniquesaim to emulate the full en-
senble by building new classi ers: In Ref. (Domingos,
1997) the full ensenble is replaced by a single classi-
er trained to reproducethe classi cation producedby
the original ensenble. The objectiveis to build a com-
prehensible learner that retains most of the accuracy
gains achieved by the ensenble. A further processing
of this emulator canalsobe usedto selectthe ensenble
classi ers (Prodromidis & Stolfo, 2001). This article

shaws that the sizeof the ensenble can be be reduced
up to 60-80%of its original size without a signi cant
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deterioration of the generalization performance of the
pruned ensenble. Adopting a dierent strategy, one
can apply clustering to the classi ers/regressorsin the
ensenble and select a single represettativ e classi er
for every cluster that has beenidenti ed (Giacinto &
Roli, 2001;Bakker & Hesles, 2003).

Our approach to ensenble pruning is to modify the
original random aggregationordering in the ensenble
assumingthat near-optimal subensenbles of increas-
ing size can be constructed incremertally by incor-
porating at ead step the classier that is expected
to produce the maximum reduction in the generaliza-
tion error (Margineantu & Dietterich, 1997;Mart nez-
Muroz & Suarez, 2004). After ordering, only a frac-
tion of the inducersin the orderedensenble is retained.
The pruned ensenble obtained in this manner shows
signi cant improvemens in classi cation accuracyon
test examples.

In this work we proposea new criterion to guide the
ordering of the units in the ensenble. The goal is
to select rst those classi ers that bring the ensenble
closer to an ideal classi cation performance. In or-
der to accomplish this, ead inducer is characterized
by a signature vector whosedimensionis equal to the
sizeof the training set. The componerts of this vector
are calculated in terms of the error made by the corre-
sponding classi er on a particular labeledexample(+1

if the example is correctly classi ed, -1 if it is incor-
rectly classied). The classier is then incorporated
into the ensenble according to the deviation of the
orientation of the corresponding signature vector from
a referencevector. This referencevector represens
the direction toward which the signature vector of the
ensenble (calculated as the average of the signature
vectors of the ensenble elemens) should be modi ed

to adhieve a perfect classi cation performanceon the
training set. In an ensenble of sizeT, the ordering op-
eration can be performed with a quick-sort algorithm,

which has an averagerunning time of O(T log(T)). If
we are only interested in the selection of the -best
classi ers a quick-selectalgorithm can alsobe applied.
Thus, the complexity of the ordering or of the selection
operation is linear, in cortrast to the quadratic time-
complexity of the algorithms proposedin (Mart nez-
Muroz & Suarez, 2004), where the selection of eah
classi er involvesan evaluation over all the remaining
classi ers. The proposedordering method also makes
it possibleto give a criterion for selectinga subset of
classi ers to be consideredfor the inclusionin the nal

ensenble. This avoids the useof a pruning percertage
that is xed beforehand.

The article is structured as follows: In Section 2 we

introduce the ordering procedure in bagging ensem-
bles. Section 3 preseris the proposedcriterion for or-
dering. The results of experimerts that illustrate the
performance of the pruned ensenbles on seweral UCI
datasets (Blake & Merz, 1998) are discussedin Sec-
tion 4. Finally, the conclusionsof this researt are
presened.

2. Ordering Bagging Ensembles

Let L = (Xi;¥i); i =1,2::;N be a collection of N
labeled instances. The training examplesare charac-
terized by a vector of attributes x; 2 and a discrete
classlabel y; 2 f1,2;:::;Cg. Considera learning
algorithm that constructs a classi er, h, from a given
training setL. This classi er producesa classi cation
y 2 ofanewinstancex 2 by amappingh: !

In bagging (Breiman, 1996a)a collection of classi ers
is generatedby training ead inducer with a dierent
dataset. Thesedatasetsare obtained by sampling with
replacemen from the original training set L with N
extractions (bootstrap sampling). The nal classica-
tion is obtained by combining with equal weights the
decisionsof the individual classiers in the ensenble.
An instance x is thus classi (lad accordingto the rule

argmax
k

[(he(x)= k) : k=
t=1
where T is the number of classi ers and | is the indi-
cator function such that 1 (True) = 1; I (False) = 0.
The order in which classi ers are aggregatedin bag-
ging is irrelevant for the classi cation given by the full
ensenble.

)

The rationale for modifying the aggregation ordering
in a baggingensenble is to construct small subensem-
bles with good classi cation performance. As stated
in the introduction, the combinatorial problem of iden-
tifying the optimal subensenble is NP-complete (Ta-
mon & Xiang, 2000) and becomesintractable for rela-
tively small ensenbles(T > 30). Instead of solving the
optimization problem exactly, we use an approximate
procedure: Assumewe have identied a subensenble
composed of 1 classi ers, which is closeto being
optimal. A near-optimal ensenble of size is built by
selectingfrom the pool of remaining classi ers (of size
T ( 1)) the classi er that maximizes a quartity
that is correlated with the generalization performance
of the ensenble of size . We have performed exten-
sive experiments using exhaustive seard for small en-
senbles (up to 31 classi ers) and global optimization
tools, such as geneticalgorithms, for larger ensenbles,
that shaw that this greedyseart is e cien t in nding
near-optimal ensenbles
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Figure 1. Average test and train error for the Segment
dataset for bagging and ordered bagging according to the
proposed heuristic.

Figure 1 showsthe typical dependenceof the classi ca-
tion error with the ensenble sizein randomly ordered
bagging (the standard version of bagging, where the

order in which classi ers are aggregatedis dictated by
the bootstrap procedure) and in ordered bagging en-
senbles. This gure displays the error curvesfor both

the training and the test set (Seggment dataset). Re-
sults are averagedover 100 executionsof baggingwith

random ordering (solid line) and of ordered bagging
(long trait line). The error for bagging ensenbles with

random ordering generally decreasesnonotonically as
the number of classi ers included in the ensenble in-

creases,approacing saturation at a constart error
level for large ensenbles. For the ordered ensenbles
both the test and training error curvesreac a min-

imum at an intermediate number of classiers. The

error rate at this minimum is lower than the error of
the full ensenble. Note that the minimum of the error
curvefor the training setis achieved for smaller ensem-
blesthan in the test set. This meansthat the location

of the minimum in the training error curve cannot be
directly usedto determine the optimal subensentle
size. In this examplethe minimum in the training set
error is achieved with 14 classi ers, whereasthe best
results for the test set are obtained in ensenbles that

contain 44 classiers. It is in generaldicult to give
a reliable estimate of the optimal number of classi ers
to get the best generalization accuracies.Nonetheless,
Fig. 1 also shows that the minimum in the test error
is fairly broad, and that, for a large range of sizes,the
ordered subensenbles have a generalization error that

is under the nal bagging error. This implies that it

should be easyto identify pruned ensenbles with im-

proved classi cation accuracy

3. Orien tation Ordering

For the ordering procedureto be useful the quartity
that guidesthe selectionof the classi ers should be a
reliable indicator of the generalization performance of
the ensenble. Measuresbasedon individual properties
of the classi ers (for instance, selecting rst classi ers
with a lower training error) are not well correlated
with the classi cation performance of the subensem-
ble. It is necessaryto employ measures,suc asdiver-
sity (Margineantu & Dietterich, 1997),that contain in-
formation of the complemenariness of the classi ers.
In this work, the quantity proposed measureshow a
given classi er maximizes the alignment of a signa-
ture vector of the ensenble with a direction that cor-
responds to perfect classi cation performance on the
training set.

Considera datasetL composedof Ny examples. De-
ne c;, the signature vector of the classi er h; for the
datasetL , asthe Ny -dimensionalvector whosecom-
ponerts are

ci = 21 (he(xi) = yi)

where ¢; is equalto +1 if h; (i.e. the t™ unit in the
ensenble) correctly classi es the i"" example of Ly
and 1 otherwise. The average signature vector of
the ensenble is

Li=L2:5Ne ;s (2

1 X

Cens = ? t Ct : (3)

In a binary classi cation problem, the i"" componert

of this ensenble signature vector is equal to the clas-
si cation margin for the i!" example (the margin is
de ned asthe di erence betweenthe number of votes
for the correct classand the number of votes for the
most common incorrect class,normalized to the inter-

val [ 1;1] (Schapire et al., 1998)). In general multi-

classclassi cation problems,it isequalto 1 2edge(i)

of the ensenble for the i™ example(the edgeis de ned

asthe di erence betweenthe number of votes for the
correct class and the number of votes for all incor-
rect classesnormalized to the interval [0; 1] (Breiman,

1997)). The i" exampleis correctly classi ed by the
ensenble if the i™ componert of the average vector
Cens IS positive. That is, an ensenble whose average
signature vector is in the rst quadrant of the Ny -
dimensional spacewill correctly classify all examples
of the Ly dataset.

This study preserts an ordering criterion based on
the orientation of the signature vector of the indi-
vidual classi ers with respect to a referencedirection.
This direction, coded in a referencevector, Cef, IS
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Figure 2. Projection of the unordered and ordered bagging
signature vectors onto: two dimensions Cens (z axis) and
Cref (X axis) (top plot), two dimensions c,er and an axis
perpendicular to cref and cens (y axis) (middle plot) and
in the three dimensions previously de ned (bottom plot).
Plots are for the Waveform problem.

the projection of the rst quadrant diagonal onto the
hyper-plane de ned by cens. The classi ers are or-
dered by increasing values of the angle between the
signature vectors of the individual classi ers and the
referencevector c,¢ . Finally, the fraction of the clas-
si ers whoseangle is lessthan =2 (i.e. those within

the quadrant de ned by c;¢f and cens) are included
in the nal ensenble. The referencevector, Cref , IS
chosento maximize the torque on cens (Which repre-
serts the certral tendency of the full ensentle) along
the direction that correspondsto the ideal classi ca-
tion performance. This e ect is obtained by choosing
Cref = O+ Cens, Where o is a vector oriented along
the diagonal of the rst quadrant, and is a constart
such that ¢, is perpendicular to Cens (Cref ? Cens)-

As an example, consider a training set composed
of three examples and an ensenble with Cegns =

f1;0:5; 0:59, meaning that the rst exampleis cor-
rectly classied by all the classiers of the ensem-
ble, the secondby 75% of classi ers and the third

by 25% of classi ers. Then the projection is calcu-
lated consideringthat C;ef = 0O+ Cens @nd Cret ? Cens,
which gives = 0 CensJCensj?. Hence, = 2=3
and c,¢f = f1=3;2=3;4=3g. In the ordering phase,a
stronger pull will be felt along the dimensions corre-
sponding to examplesthat are harder to classify by
the full ensenble (i.e. the third and secondexamples).
Howevwer, ¢, becomesunstable when the vectorsthat

de ne the projection (i.e. cens and the diagonal of the
rst quadrant) are closeto ead other. This makes
the selection of c,¢f lessreliable and renders the or-
dering processlesse cien t. This is the casefor en-
senbles that quickly reach zero training error, suc
as boosting or bagging composed of unpruned trees,
which do not shaw signi cant improvemerts in classi-
cation performancewhen reorderedaccordingto the
proposedheuristic.

In Figure 2 the learning processesn baggingand in or-
dered bagging are depicted. A 200 classi er ensentle
is trained to solve the Waveform problem (Breiman
et al., 1984) using 300 data examples(i.e. the sig-
nature vectors have 300 dimensions). These plots
show 2 and 3-dimensionalprojections of the walks fol-
Iowedey the incremertal sum of the signature vec-
tors (o, Ct;
dered ensenble (solid line) and in the ordered ensem-
ble (long trait line). In the top plot the ensenble vec-
tors are projected onto the plane de ned by Cens (2
axis) and by c;¢r (X axis). The middle plot shows a
2-dimensional projection onto a plane perpendicular
to Cens, de ned by cref (X axis) and a vector perpen-
dicular to both cens and crer (y axis). This plot is
a projection into a plane that is perpendicular to the
vector that de nes the ensenble, cqns; therefore any
path including all classi ers starts and nishes at the
origin. Finally, the bottom plot shows a 3-dimensional
projection onto the previously de ned x, y and z axis.
For bagging(solid lines) it canbe obsenedthat the in-
cremental sum of the signature vectors follows a path
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that can be seenas a Brownian bridge starting at the
origin and with a nal valueof T cens. The ordering
algorithm (long trait line) rearrangesthe steps of the
original random path in such a way that the rst steps
are the onesthat approximate the walker the most
to cref : Hencethe characteristic form of the ordered
path, which appearselongatedtoward the direction of
Cref . These plots show the stochastic nature of the
bagginglearning process((Breiman, 2001; Esposito &
Saitta, 2004)) and how this processcan be altered by
re-ordering its classi ers.

4. Exp erimen tal Results

In order to assessthe performance of the ordering
procedure described in the previous section, experi-
ments are carried out in 18classi cation problemsfrom
the UCI-repository (Blake & Merz, 1998) and from
Refs. (Breiman, 1996b; Breiman et al., 1984). The
datasetshave beenselectedto test the performanceof
the pruning procedure on a wide variety of problems,
including synthetic and real-world data from various
application elds with di erent numbersof classesand
attributes. Table 1 shows the characteristics of the
setsinvestigated. For ead dataset this table presens
the number of examplesusedto train and test the en-
senbles, the number of attributes and the number of
classes.The subdivisions into training and testing are
made using approximately 2=3 of the set for training
and 1=3 for testing exceptfor the Image Segmentation
set, where the sizesspeci ed in its documertation are
used. For the synthetic sets(Waveform and Twonorm)
dierent training and testing sets were generatedin
every execution of the algorithm.

For ead dataset 100 executionswere carried out, each
involving the following steps: (i) Generatea strati ed

random partition (independert sampling for the syn-
thetic datasets) into training and testing sets whose
sizesare given in Table 1. (ii) Using bootstrap sam-
pling, 200CART decisiontrees are generatedfrom the
training set. The decision trees are pruned accord-
ing to the CART 10-fold cross validation procedure
(Breiman et al., 1984). The ensenble generalization
error is estimated in the unseentest set. This test
error is calculated for a bagging ensenble that uses
the rst 100classi ers generatedand for a bagging en-
senble containing all 200 trees. (iii) The treesin the
ensenble are then ordered according to the rule de-
scribed in Section 3 using the training subset. Finally,
we calculate the averageof the signature vector angles
for vectors whose angle with respect to ¢, iS lower
than =2. Only classi ers whosesignature vector an-
gleis lessthan this averageare included in the pruned

Table 1. Characteristics of the datasets usedin the exper-
iments.

Dat aset Train Test  Attribs. Classes

Audio 140 86 69 24
Australian 500 190 14 2
Breast W. 500 199 9 2
Diabetes 468 300 8 2
German 600 400 20 2
Hear t 170 100 13 2
Horse-Colic 244 124 21 2
lonosphere 234 117 34 2
Labor 37 20 16 2
New-thyr oid 140 75 5 3
Segment 210 2100 19 7
Sonar 138 70 60 2
Tic-t ac-toe 600 358 9 2
Tw onorm 300 5000 20 2
Vehicle 564 282 18 4
Vowel 600 390 10 11
Wavef orm 300 5000 21 3
Wine 100 78 13 3

subensenble. This rule givesa reasonableestimate of
the number of classi ers neededfor an optimal general-
ization performance. In fact, any rule that selectsthe
rst 20-30%of the classi ers in the ordered ensenble
achievesa similar generalization accuracy

Figure 3 displays ensenble error curves for 3 of the
classi cation problems considered. The behavior of
the ensenble error curvesis similar for the remaining
problems. Theseplots show the dependenceof the av-
eragetrain (bottom curvesin ead plot) and test (top
curvesin ead plot) errors on the number of classi-
ers included in the subensentle for randomly ordered
bagging (solid line) and for orientation ordered bag-
ging using 100 (dotted line) and 200 trees (trait line).
As expected, in unordered baggingthe error decreases
monotonically as the number of classi ers in the en-
senble grows and reachesa constart error rate asymp-
totically. In contrast to this monotonic behavior, error
curvesin ordered bagging ensentbles exhibit a typical
shape wherethe error initially decreasesvith the num-
ber of classi ers, reachesa minimum, and evertually
rises and reachesthe error of the full bagging ensem-
ble. This characteristic shape is reproduced in both
the train and test error curves and for ensenbles of
100 and 200 trees. It is important to note that this
minimum is achieved for a smaller number of classi ers
in the training setthan in the test set. In the training
set the minima appear generally for a fraction of clas-
si ers that is under 10% of the initial pool. For the
test curvesthe minima appear for subensentle whose
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Figure 3. Train and test error curves for Bagging (solid

line), ordered bagging with 200 trees (trait line) and 100

trees (dotted line) for Audio, German and Waveform clas-
si cation problems.

sizerangesbetween20%-40%of the original classi ers.
This fact makesit dicult to usedirectly the train-
ing error curve minimum to estimate the number of
classi ers that produce the best generalization error.
Furthermore, this estimation becomesmore di cult

when consideringead executionindividually (instead
of the smooth averaged curves) since the curves are
more bumpy and do not always shawv clear minima.

In any case,given that the minima are fairly at, the
range of valid pruning valuesthat lead to a reduction
the mean generalization error of baggingis broad.

Table 2 shows the results for the classi cation prob-

lems investigated. The values reported are averages
over 100 executions. Note that the gures displayed
in Table 2 and the values of the test curvesshown in

gure 3 do not always coincide, sincethe former is an

average for dierent subensenble sizes, whereasthe

latter is an averagefor a xed number of classi ers.

The secondcolumn displays the test error when con-
sidering the full ensenble of size200and the third col-
umn givesthe test error for the orderedensenble using
the corresponding fraction of classi ers. The average
number of classi ers used for calculating the general-
ization accuracy of the ordered ensenbles is showvn in

the fourth column. As a reference,we run the reduce-
error (RE) pruning algorithm without back- tting !

(Margineantu & Dietterich, 1997), using the sameen-
senbles and with a near-optimal pruning rate of 80%
(i.e. 41 classi ers of 200 and 21 of 100). This heuristic

choosesat eath ordering step the classi er that re-

duces most the training error of the already selected
subensenble. The test error of the reduce-erroralgo-
rithm is shawvn in fth column.

The proposedmethod always reducesthe averagegen-
eralization error for the studied datasetsusing a small
subsetof the classi ers of the full ensenble. This num-
ber of classi ers in the pruned ensenbles varies from
33 of 200 for the German dataset to 58 of 200 for
Vowel The improvemernts in classi cation accuracy of
the preseried method with respect to baggingare sta-
tistically signi cant at a 99:99% con dence level (us-
ing a paired two tailed Studert's t-test) in all problems
investigated, with the exception of Australian and Di-
aletes For these sets the di erences are signi cant
for ensenbles of 200 trees but with a lower con -
dence level (95%). Howewer, we should be cautious
about the con dence levelsin the real-world datasets
since the statistical test may overestimate its signif-
icance (Nadeau & Bengio, 2003). For the synthetic
datasetsthe con dence levelsare perfectly valid asthe
experiemerts were carried out using independernt sam-
pling. In comparison with reduce-error pruning the
proposedmethod obtains similar or slightly better re-
sults. Its generalization error is lower in 11 out of 18
datasets, equal on 3 and worseon 4.

1We choose not to show the results with back- tting
becausefor this experiment con guration not using back-
tting is the most e cien t selection. The generalization
error with and without back- tting are equivalent (within
0:3%) and the execution time increases substantially
when using back- tting.
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Table 2. Averagetest error in %.

bagging (200 trees)

bagging (100 trees)

full ordered size re-41 full ordered size re-21
Audio 30.2 4.1 244 3.7 386 244 39 302 39 248 3.7 19.1 25.0 4.0
Australian 145 2.1 141 2.2 38.0 137 23 145 21 143 2.2 189 14.0 2.3
Breast W. 47 15 41 13 40.9 41 1.3 47 15 42 13 20.2 41 1.3
Diabetes 249 1.8 245 2.0 36.6 244 19 249 1.7 247 19 185 246 21
German 266 1.6 254 1.7 329 251 17 26.6 1.7 256 1.7 16.8 255 1.7
Hear t 20.4 43 185 3.7 409 189 3.6 203 4.2 19.0 3.3 20.0 196 34
Horse-colic 17.7 29 16.0 2.8 329 155 24 175 29 163 29 16.4 15.8 2.5
lonosphere 93 25 74 23 385 76 25 94 24 7.7 24 19.3 76 2.4
Labor 144 7.8 10.0 6.7 457 123 7.6 146 7.7 10.0 6.7 23.0 121 7.6
New-Thyr oid 73 3.1 57 26 44.2 6.2 2.6 75 3.1 58 25 22.0 6.1 2.8
Segment 97 17 78 1.1 41.7 8.0 1.1 98 1.7 80 1.1 21.1 8.2 1.1
Sonar 247 47 20.7 5.1 471 215 48 246 47 21.7 4.6 23.2 219 47
Tic-t ac-toe 27 1.1 20 0.8 48.8 23 1.0 27 11 23 09 24.5 26 1.1
Tw onorm 93 3.1 65 1.0 51.3 8.7 2.0 95 31 75 1.0 25.6 9.6 1.8
Vehicle 296 2.2 265 2.1 41.0 265 19 295 22 269 2.0 20.7 269 2.0
Vowel 13.7 2.2 121 2.0 583 136 21 140 22 128 2.1 29.2 141 2.2
Wavef orm 228 25 196 1.2 42.0 20.0 1.3 23.0 24 203 1.2 20.7 206 1.3
Wine 65 40 48 29 44,7 5.8 3.5 6.6 42 51 29 22.4 6.2 3.6

In a secondbatch of experiments we investigate how
the number of classi ersin the original baggingensem-
ble a ects the performance of the ordered ensenbles.
For these experiments the generated ensenbles were
re-evaluated using the rst 100 trees of the randomly
ordered bagging ensenble of size 200. The ordering
algorithm is then applied to this smaller pool of clas-
si ers. The averagegeneralization error curve for the
randomly ordered ensenble of size 100 and for the or-
dered one are shown in Table 2 in the sixth and sev-
erth columns, respectively. The number of classi ers
in the pruned subensenble selectedfrom the ordered
ensentles of size100 are shown in the eighth column.
In the datasetsinvestigated, a bagging ensenble with

100trees seemsto be large enoughto achieve the best
possible classi cation performance of bagging. Slight

improvemerts are obsened for somesets(New-thyroid,

Sonar, Waveform,...) when using the larger ensenble
but alsosmall error increases(Heart and Horse-lic).

For ordered ensenbles, the results reported in Table
2 show that there are small but systematic improve-
ments in classi cation accuracy for the larger ensem-
bles, at the expenseof using pruned ensenbles with

approximately twice as many classi ers. The curves
plotted in Figure 3, show that initially there is a steep
parallel descem of the error curves for both ordered
ensenbles of size 100 and 200 and for both train and
test curvesup to a point that dependson the dataset.
From this point onwards, the curvesof the smaller en-
senblesslow their descem until they reach a minimum.

The error curvesfor the ordered ensenble of size 200

Table 3. Averageordering time (s) for orientation ordering
(O0) and reduce-error (RE) for dierent ensenble sizes.

Size 50 100 200 400 800 1600
OO 0.012 0.025 0.048 0.089 0.177 0.355
RE 0.268 1.053 4.181 16.69 66.83 268.5

continue to decreasewith a smaller negative slope and
nally reach a atter minimum.

Finally, Table 3 shaws the time neededfor pruning
using orientation ordering (OO) and reduce-error or-
dering without badk- tting (RE) (Margineantu & Di-
etterich, 1997)for 50, 100,200,400,800and 1600trees
and for the Pima Indian Diabetesset. The valuesre-
ported in this table are averagesover 10 executions
using a Pertium IV at 3.2 MHz. The results displayed
in this table clearly shav the approximately linear be-
havior of the proposedmethod, in cortrast to longer
execution times and quadratic dependenceon the size
of the ensenble for the reduce-errorpruning.

5. Conclusions

This article preserts a novel method for pruning bag-
ging ensenbles that consisterlly reducesthe general-
ization error for the studied datasets by using a frac-
tion of the classi ers of the completebaggingensenble.
The fraction of selectedclassi ers varies from 15% to
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30% (i.e. 30-60classi ers of 200) of the full generated
bagging ensenble. This is a clear improvemert over
full baggingboth in storageneedsand in classi cation
speed,which is a crucial point for on-line applications.
Furthermore, for applications where the classi cation
speedis a critical issuethe number of selectedclassi-
ers can be further reduced(up to about 10 classi ers,
depending on the dataset) without a signi cant dete-
rioration of the generalization performance.

The preseried method executesin quick-sort running
time (or quick-selecttime if only the bestclassi ers are
selected). This comparesfavorably to the quadratic
running time of previous ordering methods or to the
running times of genetic algorithms used in earlier
methods for ensenble pruning.
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