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Abstract. We propose a method to improve the probabilit y estimates
made by Naive Bayes to avoid the e�ects of poor classconditional prob-
abilities based on product distributions when each class spreads into
multiple regions. Our approach is based on applying a clustering algo-
rithm to each subset of examples that belong to the same class, and to
consider each cluster as a classof its own. Experiments on 26 real-world
datasets show a signi�can t improvement in performance when the class
decomposition processis applied, particularly when the mean number of
clusters per class is large.

1 In tro duction

Probabilistic classi�ers constitute a major venue of research in data mining,
pattern recognition, and machine learning. Successfulapplications are found in
speech recognition, document classi�cation, and medical diagnosis,amongmany
others. We focuson a popular probabilistic classi�er basedon the assumptionof
attribute independence,alsoknown asNaive Bayes;the performanceof this sim-
ple classi�er is unexpectedly often similar to other classi�ers unrestrained by the
attribute independenceassumption. Although the reasonsexplaining the com-
petitiv enessof Naive Bayesremain unclear, several studies have revealeduseful
information; examplesinclude studiesabout the conditions for its optimalit y [2];
its geometric properties [15]; and how the product distribution implied by the
independenceassumption comparesto most other joint distributions with the
sameset of marginals [5].

This paper reports on a method to improve the performanceof Naive Bayes
by attending to the distribution of examplesin the input-output space.We work
on the characterization and transformation of data rather than on the algorithm
design.The idea is to transform the data by decomposingeach classinto clusters;
this is useful to avoid the e�ects of poor classconditional probabilities basedon
product distributions when each classspreadsinto multiple regions.In contrast,



2 R. Vilalta and I. Rish

most previous work looks at improving the algorithm designalone;examplesin-
clude adjusting the estimated probabilities [12], improving probabilit y estimates
[7,14], and combining Naive Bayes with other models [8]. Someprevious work
does transform the data by searching for attribute dependenciesto construct
new features [4]; our approach di�ers in that the transformation is made over
the classdistribution by looking at each cluster asa new class.Our main idea is
to augment the number of original classesaccording to the exampledistribution
to improve the probabilit y estimations made by Naive Bayes.

Our experimental results, obtained using 26 datasets from the University of
California at Irvine repository, enableus to provide an explanation for the com-
petitiv enessof Naive Bayes in real-world domains. In summary, most domains
exhibit a distribution characterized by few clusters per class;a situation where
Naive Bayes is known to perform well. In these casesthe performance of our
proposed approach is almost identical to Naive Bayes. But when a domain is
characterized by many clusters per class (on average) the estimation of class-
conditional probabilities is biased, and Naive Bayes performs poorly. In these
casesour approach can improve the performance of Naive Bayes signi�cantly .
The fact that few domains exhibit many clusters per classexplains why Naive
Bayes often appears at the samelevel of performanceas other (more sophisti-
cated) algorithms.

This paper is organizedas follows. Section2 intro ducesbackground informa-
tion on classi�cation, probabilistic classi�ers, and NaiveBayes.Section3 explains
why Naive Bayes is expected to yield poor probabilit y estimates under certain
kinds of input-output distributions. Section 4 describesour classdecomposition
approach to improveand explain the performanceof NaiveBayes.Section5 com-
paresour class-decomposition approach to local learning. Section 6 reports our
experimental analysis. Finally, Section 7 gives a summary and discussesfuture
work.

2 Preliminaries

Let (A1; A2; � � � ; An ) be an n-component vector-valued random variable, where
each A i represents an attribute or feature; the spaceof all possible attribute
vectors is called the input spaceX . Let f y1; y2; � � � ; yk g be the possibleclasses,
categories,or statesof nature; the spaceof all possibleclassesis called the output
spaceY. A classi�er receives as input a set of training examplesT = f (x ; y)g,
wherex = (a1; a2; � � � ; an ) is a vector or point of the input spaceand y is a point
of the output space. We assumeT consists of independently and identically
distributed (i.i.d.) examplesobtained according to a �xed but unknown joint
probabilit y distribution � in the input-output spaceZ = X � Y. The outcome
of the classi�er is a function h (or hypothesis) mapping the input spaceto the
output space,h : X ! Y. Function h can then be used to predict the classof
previously unseenattribute vectors.
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We consider the casewhere a classi�er de�nes a discriminant function for
each classgj (x), j = 1; 2; � � � ; k and choosesthe classcorresponding to the dis-
criminant function with highest value (ties are broken arbitrarily):

h(x) = ym iff gm (x) � gj (x) (1)

In probabilistic classi�ers the discriminant functions are the posterior probabil-
ities of a classgiven the input vector x, P(yj jx ). Using Bayesrule3:

gj (x) = P(yj jx ) =
P(x jyj )P(yj )

P(x)
(2)

whereP(yj ) is the a priori probabilit y of classyj , P(x jyj ) is called the likelihood
of yj with respect to x or the class-conditional probabilit y, and P(x) is the
evidencefactor [3]. Sincethe evidencefactor P(x) is constant for all classeswe
can dispensewith it. Assuming all attributes are independent given the class
yields the following discriminant function usedby Naive Bayes:

gj (x) = P(yj )
nY

i

P(ai jyj ) (3)

whereai is the value of attribute A i in vector x. The main idea is to approximate
the joint input-output distribution through a product distribution by assuming
attribute independence.While this is clearly unrealistic in many real-world ap-
plications, experimental results have repeatedly demonstrated that Naive Bayes
often performs as well as other algorithms that make no attribute independence
assumption. Our goal in this paper is to relate the performanceof Naive Bayes
to the characteristics of a domain; the derived analysisshows a clear mechanism
to improve the performanceof this probabilistic classi�er.

3 A Perspectiv e View of Naiv e Bayes

Although the behavior of Naive Bayeshasbeenexplainedfrom di�eren t perspec-
tiv es[2,15,5], an understanding of the degreeof match betweendi�eren t target
distributions and the set of assumptionsor bias embeddedby the algorithm re-
mains unclear. In this section we identify a kind of distributions for which the
product approximation of Naive Bayesmay result in multiple misclassi�cations;
we name this problem the class-dispersion problem.

3.1 Maxim um En trop y and Appro ximating Distributions

Webeginby studying the implication behind a product approximation. Our main
assumption is that the set of training examplesT is drawn from an unknown
but �xed probabilit y distribution � that de�nes P(x; y) for every point in the

3 We assumefeatures take on discrete values; we then have probabilit y masses,rather
than probabilit y densities.
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input-output space.Naive Bayes assumesdistribution � can be approximated
through a product of low order components (i.e., product of marginals) assuming
attribute independencegiventhe class(equation 3). The following de�nitions will
be instrumental in characterizing the approximation usedby Naive Bayes.

De�nition 1. A distribution � max over the input-output spaceZ is called a
maximum entropy distribution if it assumesequal probabilities over all elements
in Z (i.e., if it corresponds to a uniform distribution over all possibleelements
in Z ). The entropy of � max , denoted as H � max , is as high as possible:

H � max = �
jZ jX

i =1

1
jZ j

log
1

jZ j
= logjZ j (4)

where jZ j is the sizeof the input-output space.

De�nition 2. The information contained in a probabilit y distribution � over
the input-output spaceZ , de�ned as I � , is the di�erence between the entropy
of the maximum entropy distribution and the actual entropy of � :

I � = H � max � H � (5)

where H � is de�ned as follows

H � = �
jZ jX

i =1

Pi logPi (6)

and each Pi is the probabilit y of element i in Z according to � .
An interpretation of De�nition 2 is straightforward: a 
at distribution where

all elements are assignedequal probabilities carries no information, whereasthe
more peaked a distribution, the higher the information conveyed by such distri-
bution [9].

We now consider the problem of approximating a true distribution � using
an approximation � 0. Let us supposeall we know about � is a set of low order
component distributions L . All we require from approximation � 0 is that it must
reduceto the samesetof low order components in L (i.e., that it canbeexpressed
as function of the low order components in L). Approximating distributions can
be categorizedby the amount of information they contain. If the approximation
is based on the idea of providing the least amount of additional information
beyond the set of low order components, then we have a maximum entropy
approximating distribution.

De�nition 3. Let � be the true distribution over the input-space Z and let L
be a set of low order components to which � can be reduced.An approximating
distribution of � with respect to L is called a maximum entropy approximating
distribution, denoted as � 0

max L
, if among all distributions � 0

L that reduceto the
sameset of low order components L , � 0

max L
is the one with maximum entropy

or lessinformation:
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I � 0
max L

� I � 0
L

(7)

for all distributions � 0
L that reducedto the sameset of low order components L .

3.2 The Pro duct Appro ximation of Naiv e Bayes

We now return to the product approximation followed by Naive Bayes. It can
be shown that a product approximation contains the smallest amount of infor-
mation (or maximum entropy) of all possibleapproximations to � that reduce
to the sameset of low order components. In other words, Naive Bayesis a max-
imum entropy approximating distribution [9]. We formalize this as follows: Let
L be the set of low order components used by Naive Bayes. That is, for every
class yj , let L = f P(yj ), P(a1jyj ), P(a2jyj ), � � �, P(an jyj )g. Let � NB

L be the
product approximation corresponding to Naive Bayes,and let � 0

L be any other
approximation di�eren t from Naive Bayes that reducesto the sameset of low
order components in L . Then irrespective of the nature of � 0

L , it is always true
that � 0

L contains more (or equal) information than � NB
L .

What is the implication behind the product approximation of NaiveBayes?In
brief, such approximation tries to reconstruct the true distribution from the setof
low order components assumingaslittle additional information aspossible;hence
the distribution is maximally 
at . Naive Bayes displays a homogeneous class
distribution on all regionsof examplesfor which the set of low order components
is identical.

As an illustration, Figure 1-left shows an input-output distribution on two
classes:positive (y1 = +) and negative (y2 = � ). We assumea two-dimensional
spacewhere attribute A1 takes on three values, and attribute A2 takes on two
values. Sincewe have equal classproportions (P(+) = P(� ) = 1

2 ), the classi�-
cation dependson the likelihoods only. Figure 1-right shows the approximation
madeby Naive Bayes.The product approximation tends to smooth all probabil-
ities. According to Naive Bayes the distribution is now the samealong A2 = 1,
with a likelihood ratio in favor of the negative class,and along A2 = 2, with a
likelihood ratio in favor of the positive class.

Consider example x = (A1 = 2; A2 = 1) as shown in Figure 1. Bayes (opti-
mal) classi�er assignsx to classpositive (Figure 1-left). The situation changes
completely for Naive Bayes (Figure 1-right). Since P(A1 = 2j+) = P(A1 =
2j� ) = 1

3 , the classi�cation for x hingeson P(A2 = 1jy) exclusively; Naive Bayes
assignsx to classnegative becauseP(A2 = 1j� ) = 2

3 > P(A2 = 1j+) = 1
3 . The

mistake incurred by Naive Bayesstemsfrom the assumption behind a maximal
entropy distribution. The existenceof regions that are classuniform is blurred
by Naive Bayes'svision; theseregionsare simply averagedaltogether when pro-
jected onto each attribute.

3.3 The Class-Disp ersion Problem

The problem we are addressingis characteristic of distributions where clusters
of examplesthat belong to the sameclassare dispersed throughout the input
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Fig. 1. (left) The true distribution of examples in the input-output space.(righ t) The
maximum-entropy approximation made by Naive Bayes.Example x is incorrectly clas-
si�ed by Naive Bayes.

space.We call this the class-dispersion problem. In this case,clusters are hard
to identify becausea single-dimensionalprojection of the data losestheir spatial
information. This is related to the small disjunct problem in classi�cation [6],
where the existenceof many small disjuncts (i.e., class-uniformclusterscovering
few examples)may account for a signi�cant amount of the total error rate. Our
focus,however, is basedon the distribution of clustersrather than their coverage.

Our intuition is that Naive Bayesmay perform better on domains where the
examplesof one classare clustered together. This intuition has sometheoreti-
cal justi�cation. For example, a Boolean target function made of a disjunction
(conjunction) of all attributes (or their negations) has only a single example of
class0 (1 for conjunction) and yields optimal (error-free) performancefor Naive
Bayes[2]. The optimalit y of Naive Bayescan be easily proven for a more general
caseof two-classproblems where one of the classesis assignedto a single point
[11], but the attributes are nominal rather than Boolean.We have extendedthis
result showing that probabilit y distributions having almost all the probabilit y
mass concentrated in one example are well approximated through a product
distribution (see[11] for proof):

Theorem 1. If for some0 � � � 1, 9 x � = (a�
1; :::; a�

n ) suchthat P(a�
1; :::; a�

n jyj ) �
1 � � , then 8x = (a1; :::; an ), jP(x jyj ) �

Q n
i P(ai jyj )j � n� .

In these cases,although a product approximation does not guarantee good
performanceof Naive Bayes,it makesit more likely in practice. Nevertheless,as
the target distribution changessuch that each classgroupsinto multiple clusters,
the chancesof misclassi�cations incurred by Naive Bayes increasegreatly. This
is becauseNaive Bayes tends to smooth out the class-conditionalprobabilities.
In caseswhen instances of the same class are scattered, computing marginals
(i.e. single-dimensionalprojections) of the data may result in signi�cant lossof
information.
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Algorithm 1: Mapping-Process
Input: clustering method C, dataset T
Output: new dataset T 0

Mapping-Pr ocess(C,T )
(1) Separate T into subsetsf Tj g
(2) where Tj = f (x ; y) 2 T jy = yj g
(3) foreac h Tj

(4) Apply clustering C on Tj

(5) Let f C j
p g be the set of clusters

(6) foreac h example e = (x ; yj )
(7) Let p be the cluster index for x
(8) Create example e0 = (x ; y0

j )
(9) where y0

j = (yj ; p)
(10) Add e0 to T 0

(11) end
(12) end
(13) return T 0

Fig. 2. The processto transform dataset T into a new dataset T 0 using a clustering
algorithm.

4 Decomp osing Classes In to Clusters

Our solution to the class-dispersion problem can be summarizedthrough a two-
step process:1) identify class-uniform clusters of examplesin the training set,
and 2) relabel each cluster as a new classof examples.The new dataset di�ers
from the original training set in the class labelling: there is now an additional
number of classes.Naive Bayes is then trained over the new dataset. During
classi�cation, performance can be assessedby simply assigning each example
back to its original class.A generaldescription of our approach follows.

4.1 The Data Transformation

Let T = f (x; y)g be the input dataset. Our �rst step is to map T into another
dataset T0 through a class-decomposition process.The mapping leavesthe input
spaceX intact but changesthe output spaceY into a (possibly) larger spaceY0

(i.e., jY 0j � jY j, where j � j is the cardinalit y of the space).
The secondstep is to train Naive Bayeson T 0 to obtain hypothesish0. The

hypothesisactsover the transformed output spaceh0 : X ! Y0. The classi�cation
of a new input vector x is obtained by applying a function g over h0(x) that will
essentially bring the classlabel back to the original output space,g : Y0 ! Y.

4.2 The Mapping Pro cess

The �rst step in the transformation processis shown in Algorithm 1 (Figure 2).
We proceedby �rst separatingdataset T into setsof examplesof the sameclass.
That is T is separatedinto di�eren t sets of examplesT = f Tj g, where each Tj

comprisesall examplesin T labelled with classyj , Tj = f (x; y) 2 Tjy = yj g.
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Fig. 3. The mapping processrelabels examples to encode both classand cluster.

For each set Tj we apply a clustering algorithm C to �nd sets of examples
(i.e., clusters) grouped together accordingto somedistancemetric over the input
space.Let f C j

pg be the set of such clusters. We map the set of examplesin Tj

into a new set T 0
j by renaming every class label to indicate not only the class

but also the cluster to which each example belongs.One simple way to do this
is by making each classlabel a pair (a;b), where the �rst element represents the
original class and the secondelement represents the cluster that the example
falls into. In that case,T 0

j = f (x; y0
j )g, where y0

j = (yj ; p) whenever examplex is
assignedto cluster C j

p .
An illustration of the transformation above is shown in Figure 3. We assume

a two-dimensional input spacewhere examplesbelong to either class A or B.
Let's supposethe clustering algorithm separatesclassA into two clusters, while
class B is grouped into one single cluster. The transformation relabels every
example to encode classand cluster label. As a result, dataset T 0 has now three
di�eren t classes.

Finally the new dataset T 0 is simply the union of all setsof examplesof the
sameclass relabelled according to the cluster to which each example belongs,
T0 =

S k
j =1 T0

j .

4.3 The Classi�cation Pro cess

During the secondstep,NaiveBayesis trained over the newdatasetT 0 producing
a hypothesish0 mapping points from input spaceX to the new output spaceY0.
Each discriminant function has the sameform as Equation 3, but the number
of discriminant functions is now (possibly) larger, according to how much the
decomposition processdivided up each classinto multiple clusters.

When classifyinga new input vector x, hypothesish0 will output a prediction
consisting of a class label and a cluster label, h(x) = (yj ; p), corresponding to
original classyj and cluster C j

p . To know the actual prediction in the original
output spaceY we simply apply a function g that removes the secondelement
of the pair, g(yj ; p) = yj . Essentially , we predict classlabel yj whenever example
x is assignedto any of the clusters of classyj .

The decomposition processaimsat eliminating the caseswherea classspreads
out into multiple regions.As each cluster is transformed into a classof its own,
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the class-dispersion problem vanishes.The result is a new input-output space
whereeach classsits in a tight region. By reducing the class-dispersionproblem,
the conditional probabilities estimated by Naive Bayesbetter conform with the
assumption of a product distribution (i.e., of a maximum-entropy distribution).

5 Lo calit y, Capacit y, And The Class Decomp osition
Pro cess

A better understanding of our approach can be gained by looking at the dif-
ferencebetween locality, capacity, and the class-decomposition process.Naive
Bayes is a global classi�er: it makes use of all available data to estimate its
parameters (i.e., a priori and class-conditionalprobabilities). As such it fails to
detect local classvariations given the sameset of low order components. Failing
to detect those variations is a byproduct of the attribute-indep endenceassump-
tion; Naive Bayes is a learning machine with low capacity (i.e., low 
exibilit y
in the decisionboundaries). To solve this problem one may intro duce a form of
locality in the global classi�er, in which parametersare estimated basedonly on
the neighborhood of the examplex being classi�ed.

The classdecomposition processdiscussedin Section 4 intro ducesan alter-
native view to local classi�cation: instead of focusing on local regions of the
input space,we can augment the number of discriminant functions according to
the classdistribution. That is, one can add more decisionboundariesbut retain
their low 
exibilit y. By augmenting the number of discriminant functions, the
capacity of the algorithm is in fact increased,but the 
exibilit y of the boundaries
remainsthe same.The tric k lies in the clustering phasethat in fact pre-identi�es
local structures in the data. In addition, separating classesinto clusters simply
reducesthe dependenciesbetweenattributes, but retains all examplesfor anal-
ysis. The class-cluster encoding computed during the transformation process
(Figure 3) does not result in a loss of information with respect to the original
sampledistribution.

6 Exp erimen ts

We now report on a seriesof experiments that compareNaive Bayes(NB) with a
modi�ed version(NB 0) that computesthe transformation described in Section4.
Our datasets(26 domains) can be obtained from the University of California at
Irvine repository [1]. In what follows, predictive accuracyon each dataset is ob-
tained using strati�ed 10-fold cross-validation, averagedover 5 repetitions; tests
of signi�cance usea two-tailed t-student distribution. The clustering algorithm
follows the Expectation Maximization (EM) technique [10]; it groups examples
into clusters by modelling each cluster through a probabilit y density function.
Each example in the dataset has a probabilit y of classmembership and is as-
signedto the cluster with highest posterior probabilit y. The number of clusters
is estimated using cross-validation. Implementations of Naive Bayesand EM are
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Table 1. Predictiv e accuracy on real-world domains for Naive Bayes with and with-
out the transformation process.Numbers enclosed in parentheses represent standard
deviations.

Domain Naive Bayes NB Naive Bayes with � Accuracy Number of Clusters
transformation NB 0 Mean Min Max

Anneal 86:64 (0:06) 96:48 (0:09) 9:84� 3:4 1:0 5:0
Audiology 72:17 (0:20) 72:17 (0:20) 0:00 1:0 1:0 1:0
Autos 57:89 (0:25) 71:83 (0:80) 13:94� 2:66 1:0 5:0
Balance-Scale 90:48 (0:05) 90:48 (0:05) 0:00 1:0 1:0 1:0
Breast-Cancer 73:30 (0:15) 73:72 (0:26) 0:42 2:5 2:0 3:0
Breast-W 95:98 (0:01) 95:98 (0:01) 0:00 1:0 1:0 1:0
Colic 78:50 (0:17) 78:50 (0:17) 0:00 1:0 1:0 1:0
Credit-G 75:05 (0:27) 73:26 (0:13) � 1:79 4:0 3:0 5:0
Diabetes 75:49 (0:07) 74:98 (0:10) � 0:51 3:0 1:0 5:0
Heart-C 83:18 (0:07) 84:16 (0:09) 0:98� 2:0 1:0 3:0
Heart-H 84:22 (0:24) 83:52 (0:12) � 0:70 4:0 2:0 6:0
Heart-Statlog 84:28 (0:15) 84:28 (0:15) 0:00 1:0 1:0 1:0
Hepatitis 84:24 (0:25) 85:71 (0:13) 1:47 2:5 1:0 4:0
Ionosphere 82:25 (0:13) 90:12 (0:15) 7:87� 4:5 1:0 8:0
Iris 95:36 (0:07) 95:96 (0:37) 0:60 3:3 2:0 5:0
Chess 87:18 (0:35) 90:62 (0:06) 3:44� 9:5 9:0 10:0
Labor 94:08 (0:42) 94:08 (0:42) 0:00 1:0 1:0 1:0
Lymph 83:79 (0:18) 83:79 (0:18) 0:00 1:0 1:0 1:0
Mushroom 94:01 (0:23) 99:83 (0:01) 5:82� 5:5 5:0 6:0
Tumor 51:20 (0:21) 51:20 (0:21) 0:00 1:0 1:0 1:0
Segment 79:73 (0:09) 87:89 (0:68) 8:16� 4:57 1:0 11:0
Sick 93:84 (0:39) 98:70 (0:04) 4:86� 8:5 6:0 11:0
Vehicle 44:96 (0:17) 73:73 (0:03) 28:77� 8:0 6:0 10:0
Vote 90:07 (0:03) 95:60 (0:13) 5:53� 2:5 2:0 3:0
Vowel 63:79 (0:15) 92:05 (0:11) 28:26� 6:3 4:0 9:0
Zoo 94:92 (0:16) 97:02 (0:00) 2:10� 1:28 1:0 2:0

Average 80:63 85:22 4:58 3:42 2:19 4:80

part of the WEKA machine-learning classlibrary [13], set with default values.
Runs were performed on a RISC/6000 IBM model 7043-140.

Table 1 displays our results. The �rst column describesthe domainsusedfor
our experiments. The secondand third columnsreport on the accuracyof Naive
Bayes; the secondcolumn corresponds to the standard version and the third
column to the version using the transformation described in Section4 (numbers
enclosedin parenthesesrepresent standard deviations). The fourth column shows
the improvement in accuracythat comeswith our proposedapproach (an asterisk
at the top right of each number implies the di�erence is signi�cant at the p =
0:01 level). The last columns shows averagevaluesfor the mean, minimum, and
maximum number of clusters per classfor every dataset.

Our results show how the transformation processimproves the accuracy of
Naive Bayes in most of the datasets used for our experiments. Where no im-
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provement is observed the di�erence is not statistically signi�cant; in the ex-
treme casewhere each classis grouped into one single cluster, the performance
of our proposedapproach is identical to Naive Bayes. In someother domains,
the improvement goesup to approximately 28%points (e.g., Vehicleand Vowel).
The averageimprovement in accuracyis of approximately 4:5% points. Figure 4
(left) shows the di�erence between our approach (NB 0) and Naive Bayes (NB)
(y-axis) where domains are ordered according to the mean number of clusters
per class(x-axis). Most signi�cant di�erences correspond to domainswith many
clusters per class(we note the increaseis not monotonic).

In addition, our results shed some light on the competitiv enessof Naive
Bayes in real-world domains. Figure 4 (right) shows a histogram of the mean
number of clustersper classfor each dataset.Most datasetsexhibit a distribution
characterized by few clusters per class,a situation that favors the assumption
behind a product distribution. Few datasets exhibit many clusters per class,
which explains why Naive Bayesoften appearsat the samelevel of performance
as other (more sophisticated) algorithms.
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Fig. 4. (left) Accuracy di�erence between Naive Bayes with the transformation and
Naive Bayes standard. (righ t) A histogram of domains based on the mean number of
clusters per class.

7 Summary and Future Work

We proposea method to improve the probabilit y estimatesmadeby Naive Bayes
by applying a clustering algorithm to each subsetof class-uniformexamples;the
result is a new output spacewhereeach cluster is assigneda new classlabel. Our
experimental analysisshows a signi�cant improvement in performancewhen the
classdecomposition processis applied, especially when the meannumber of clus-
ters per classis large. The competitiv enessof Naive Bayesreported in previous
work is explained by the fact that many real-world datasetsdecomposeinto few
clusters per class, a situation that favors the product distribution assumption
followed by Naive Bayes.
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Our study assumesan e�ectiv e clustering algorithm in charge of the class
decomposition process.The choiceof the clustering algorithm bearsrelevanceto
the e�ectiv enessof our approach; future work will explore if our results hold for
di�eren t clustering algorithms. In addition, we note that the parametersof the
clustering algorithm can be adjusted basedon the performanceof Naive Bayes
(e.g., by varying the number of clusters).

Finally, sinceour proposedapproach doesnot alter the algorithm design, it
can be employed outside the boundariesof Naive Bayes,serving as a framework
to improve the performance of classi�ers that exhibit poor performance when
the dataset is characterizedby many clusters per class,as is the casewith linear
classi�ers. We plan to addressthis in future work; our goal is to understand how
the class-decomposition processcan serve as a general framework to improve
classi�cation performance.
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