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Bayesian network classifiers versus selectivek-NN classifier
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Abstract

In this paper Bayesian network classifiers are compared to thek-nearest neighbor (k-NN) classifier, which is based on
a subset of features. This subset is established by means of sequential feature selection methods. Experimental results on
classifying data of a surface inspection task and data sets from the UCI repository show that Bayesian network classifiers
are competitive with selectivek-NN classifiers concerning classification accuracy. Thek-NN classifier performs well in the
case where the number of samples for learning the parameters of the Bayesian network is small. Bayesian network classifiers
outperform selectivek-NN methods in terms of memory requirements and computational demands. This paper demonstrates
the strength of Bayesian networks for classification.
� 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

In classification problems the relevant features are often
unknown a priori. Thus, many features are derived from a
specific classification problem and those which do not con-
tribute or even degrade the classification performance should
be removed from the set of extracted features during clas-
sification. Feature selection has become important for nu-
merous pattern recognition and data analysis methods[1–4].
The main purpose of feature selection is to reduce the num-
ber of extracted features to a set of a few significant ones
while maintaining the classification rate. The reduction of
the feature set may even improve the classification rate by
reducing estimation errors associated with finite sample size
effects [5]. Some comparative studies of feature selection
algorithms have been performed in the past[2,3,6–8].

∗ Institute of Signal Processing and Speech Communication,
Graz University of Technology, Inffeldgasse 12, A-8010 Graz, Aus-
tria. Tel.: +43-316-873-4436.

E-mail address:pernkopf@tugraz.at(F. Pernkopf).

0031-3203/$30.00� 2004 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
doi:10.1016/j.patcog.2004.05.012

Another approach to achieve an improvement of the clas-
sification accuracy is to model statistical dependencies be-
tween attributes. Therefore, the framework of Bayesian net-
works [9] can be used to build classifiers[10,11] which ad-
dress this effectively.

In this paper, we consider different structures of Bayesian
network classifiers. We compare the performance of these
approaches to the selectivek-nearest neighbor (k-NN) clas-
sifier. The selectivek-NN classifier uses a subset of features
which maximizes the classification performance. This sub-
set is established by means of sequential feature selection
methods.

The paper is organized as follows: Section 2 introduces
Bayesian networks and considers different classifier topolo-
gies. Section 2.4 describes the deployed structure learning
algorithm. Section 3 gives an overview about feature se-
lection methods with a particular emphasis on sequential
feature selection algorithms which are used during the
experiments. Section 4 presents a comparison of both ap-
proaches, Bayesian network classifiers and selectivek-NN
classifiers, on data from a surface inspection task[12] and
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on data sets from the UCI repository[13]. The paper con-
cludes with a summary.

2. Bayesian network classifier

A Bayesian network[9,14–16]B = 〈G, �〉 is a directed
acyclic graphG which models probabilistic relationships
among a set of random variablesU = {X1, . . . , Xn, �} =
{U1, . . . , Un+1}, where each variable inU has specific states
or values denoted by lower case letters{x1, . . . , xn, �}. The
symboln denotes the number of attributes of the classifier.
Each vertex (node) of the graph represents a random vari-
able, while the edges capture the direct dependencies be-
tween the variables. The network encodes the conditional
independence relationships that each node is independent of
its nondescendants given its parents. These conditional in-
dependence relationships reduce the number of parameters
needed to represent a probability distribution. The symbol�
represents the set of parameters which quantify the network.
Each nodeUi is represented as a local conditional proba-
bility distribution given its parents�Ui

. The joint probabil-
ity distribution of the network is determined by these local
conditional probability distributions as

P(U) =
n+1∏

i=1

P(Ui |�Ui
). (1)

Basically, two different techniques for parameter learning
are available, the maximum likelihood estimation and the
Bayesian approach[15]. In this paper, the parameters of the
network are estimated by the maximum likelihood method.
In the following, three different types of Bayesian network
classifiers are presented: the naïve Bayes classifier, the tree
augmented naïve Bayes classifier, and the selective unre-
stricted Bayesian network classifier.

2.1. Naïve Bayes classifier

The naïve Bayes (NB) decision rule[17] assumes that all
the attributes are conditionally independent given the class
label. As reported in the literature[10], the performance of
the naïve Bayes classifier is surprisingly good even if the
independence assumption between attributes is unrealistic
in most of the data sets. Independence between the features
ignores any correlation among them. The attribute values of
Xi andXj (Xi 	= Xj ) are conditionally independent given
the class label of node�. Hence,xi is conditionally indepen-
dent ofxj given class�, wheneverP(xi |�, xj ) = P(xi |�)

for all xi ∈ Xi, xj ∈ Xj , � ∈ �, and whenP(xj , �) > 0.
The structure of the naïve Bayes classifier represented as
Bayesian network is illustrated inFig. 1. Feature selection
is introduced to this network by removing irrelevant fea-
tures by means of a search algorithm (see Section 2.4). This
extension of the naïve Bayes decision rule is known as se-
lective naïve Bayes classifier (SNB).
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Fig. 1. Structure of a naïve Bayes network.

The structure inFig. 1 shows that each attribute is con-
ditionally independent of the remaining attributes given
the class label� of the class variable. The class vari-
able� is the only parent for each attributeXi denoted as
�Xi

= {�} for all 1� i� n. Hence, the joint probability
distribution P(X1, . . . , Xn, �) for this network is deter-
mined to be P(X1, . . . , Xn, �) = ∏n+1

i=1 P(Ui |�Ui
) =

P(�)
∏n

i=1 P(Xi |�), and from the definition of con-
ditional probability the probability for the classes in�
given the values of the attributes isP(�|X1, . . . , Xn) =
�P(�)

∏n
i=1 P(Xi |�), where� is a normalization constant.

2.2. Tree augmented naïve Bayes classifier

Since the features may be correlated and the indepen-
dence assumption of the naïve Bayes classifier is unreal-
istic, Friedman et al.[10] introduce thetree augmented
naïve Bayes classifier(TAN). It is based on the structure
of the naïve Bayes network where the class variable is the
parent of each attribute. Hence, the posterior probability
P(�|X1, . . . , Xn) takes all the attributes into account. Ad-
ditionally, edges (arcs) among the attributes are allowed in
order to capture the correlations among them. Each attribute
may have at most one other attribute as additional parent
which means that there is an arc in the graph from featureXi

to featureXj . This implies that these two attributesXi and
Xj are not independent given the class label. The influence
of Xj on the class probabilities depends also on the value of
Xi . An example of a tree augmented naïve Bayes network
is shown inFig. 2. A tree augmented naïve Bayes network
is initialized as naïve Bayes network. Additional arcs be-
tween attributes are found by means of a search algorithm
(see Section 2.4). The maximum number of arcs added to
relax the independence assumption between the attributes
is n − 1.

2.3. Selective unrestricted Bayesian network classifier

The selective unrestricted Bayesian network classifier
(SUN) [11] (seeFig. 3) can be viewed as a generaliza-
tion of the tree augmented naïve Bayes network. The
class node is equally treated as an attribute node and may
have attribute nodes as parents. The attributes need not be
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Fig. 2. Structure of a tree augmented naïve Bayes network.
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Fig. 3. Structure of a selective unrestricted Bayesian network.

connected directly to the class node as for the tree aug-
mented naïve Bayes network. After initialization the net-
work consists of the nodes without any arcs. A search
algorithm (see Section 2.4) adds arcs to the network ac-
cording to an evaluation criterion. If there is no arc between
an attribute and the classifier network then the attribute is
not considered during classification. During the determi-
nation of the network structure, irrelevant features are not
included and the classifier is based on a subset of selected
features. This unrestricted network structure maximizes the
classification performance by removing irrelevant features
and relaxing independence assumptions between correlated
features. Since this network is unrestricted, the computa-
tional demands for determining the network structure is
huge especially if there is a large number of attributes avail-
able. Additionally, the size of the conditional probability
tables of the nodes increases exponentially with the number
of parents. This might result in a more unreliable prob-
ability estimate of the nodes which have a large number
of parents.

The posterior probability distribution of� given the value
of all attributes is only sensitive to those attributes which
form the Markov blanket of node� [9]. The Markov blanket
of the class node� consists of the direct parents of�, the di-
rect successors (children) of�, and all the direct parents of
the direct successors (children) of the class node�. All the
features outside the Markov blanket do not have any effect
on the classification performance. Introducing this knowl-
edge into the search algorithm reduces the search space and

the computational effort for determining the structure of the
classifier.

2.4. Search-and-score structure learning

In order to learn the structure of the Bayesian network
classifiers, Keogh and Pazzani propose a hill climbing search
[18]. An improvement of the hill climbing search is to apply
the classical floating search algorithm (CFS) used for fea-
ture selection applications[19]. This algorithm is adopted
for learning the network structure of tree augmented naïve
Bayes classifiers and selective unrestricted Bayesian net-
work classifiers[20]. We use the cross-validation classifica-
tion accuracy estimate as scoring functionJ for evaluating
the performance of the networks.

For the selective unrestricted Bayesian network this learn-
ing approach enables simultaneous feature selection and
structure learning. The main disadvantage of the hill climb-
ing search is that once an arc has been added to the network
structure, the algorithm has no mechanism for removing the
arc at a later stage. Hence, this algorithm suffers from the
nestingeffect [21]. To overcome this drawback, Pudil et al.
[19] present a floating search method for finding significant
features which optimize the classification performance in
feature selection tasks. This algorithm allows conditional ex-
clusions of previously added attributes and/or arcs from the
network. Hence, this algorithm is able to correct disadvan-
tageous decisions which were performed in previous steps.
Therefore, it may approximate the optimal solution in a bet-
ter way than the hill climbing search, especially in case of
data of great complexity and dimensionality. However, this
search strategy uses more evaluations to obtain the network
structure and therefore is computationally less efficient than
the hill climbing search. This floating search algorithm fa-
cilitates the correction of disadvantageous decisions made
in previous steps.

An efficient evaluation of the classifier during structure
learning may be achieved by ordering the training instances
so that the misclassified samples of previous classifications
are classified first[18]. The classification algorithm can be
terminated as soon as the number of misclassified sam-
ples exceeds the error rate of the current best classifier
network.

3. Feature selection algorithms

John et al.[22] divide the feature selection algorithms
into two major groups, the filter approach and the wrapper
approach. The filter approach assesses the relevance of the
features from the data set and the selection is mainly based
on statistical measures. The effects of the selected features
on the performance of a particular classifier are neglected.
In contrast, the wrapper approach uses the classification per-
formance of the classifier itself as part of the search for
evaluating the feature subsets. John et al.[22] claim that the
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Fig. 4. Overview of feature selection algorithms (from Ref.[1]).

wrapper approach is more appropriate, since the selection of
a feature subset which takes the classification algorithm into
account achieves a high predictive accuracy on unknown test
data. However, this approach is associated with high com-
putational costs, although advances in computer technology
make the wrapper method feasible. The filter approach is
mostly used in data mining applications where huge data
sets are considered. Blum and Langley[23] present a third
feature selection approach which is calledembedded. In this
concept the feature selection is performed implicitly during
the construction of the classification algorithm.

Zonker and Jain[1,6] give a taxonomy of feature selection
algorithms, shown inFig. 4.

First the methods are divided into those based on statis-
tical pattern recognition techniques, and those employing
artificial neural networks. The statistical pattern recognition
category is split up into methods which guarantee finding
the optimal solution and algorithms which may result in
suboptimal feature sets. The suboptimal methods are further
divided into methods which process just one feature subset
and perform manipulations on it, and into methods which
are working with a population of subsets. For both these, a
distinction is made between deterministic algorithms, which
produce the same result for a given problem with each exe-
cution of the algorithm, and stochastic methods. Stochastic
methods use a random element and consequently achieve
different subsets on independent runs.

3.1. Optimal methods

Exhaustive search for feature selection is too time con-
suming even for a moderate number of features. The total
number of competing subsets is given by 2n −1. Even if the
size of the final feature subsetd is given, the total number
of subsetsq = (

n
d )= n!

(n−d)!d! is too high for performing an
exhaustive search[24], wheren is the number of extracted
features andd� n denotes the size of the final feature sub-

set. The branch-and-bound feature selection algorithm[25]
also finds the optimal feature subset with the advantage that
it is faster than a exhaustive search. One drawback is that
the algorithm requires a feature selection criterion which is
monotone. This means that a new feature added to the sub-
set can never decrease the value of the evaluation function.
Unfortunately, this prerequisite is not fulfilled by each eval-
uation criterion, e.g.k-NN classifier.

3.2. Suboptimal methods

These feature selection algorithms may result in subop-
timal feature subsets using a deterministic or stochastic ap-
proach for the search. Two different feature selection ap-
proaches according toFig. 4 are summarized in the fol-
lowing: deterministicsingle solutionmethods (see Section
3.2.2) restricted to sequential feature selection methods and
stochasticmany solutionapproaches confined to genetic al-
gorithms (see Section 3.2.1).

3.2.1. Genetic algorithms
Genetic algorithms are optimization algorithms founded

upon the principles of natural evolution discovered by Dar-
win. In nature, individuals have to adapt to their environment
in order to survive in a process of further development. Ge-
netic algorithms turn out to be competitive for certain prob-
lems, e.g. large-scale search and optimization tasks. A solid
introduction in genetic algorithms can be found in[26–28].
Genetic algorithms are stochastic optimization procedures
which have been successfully applied in many feature selec-
tion tasks[7,29,30]. Siedlecki and Sklansky[29] introduce
the genetic algorithms for feature selection to find the small-
est subset for which the optimization criterion (e.g. perfor-
mance of a classifier) does not deteriorate below a certain
level. They deal with a constrained optimization problem,
where apenalty functionwith additional parameters is used.
This can be avoided using a different encoding scheme to
constrain the algorithm to a particular subset size[31]. Of-
ten the fitness function of the genetic algorithm employed
for feature selection tasks is manipulated to achieve parsi-
monious solutions concerning the size of the feature subset
[30,32]. The reason to prefer a small subset of features for
classification lies in the lower computational requirements
for feature extraction and classification. Additionally, the
classifier may perform better for independent test data.

3.2.2. Sequential feature selection algorithms
Sequential feature selection algorithms search in a se-

quential deterministic manner for the suboptimal best fea-
ture subset. Basically, forward and backward algorithms are
available. The forward methods start with an empty set and
add features until a stopping criterion concludes the search.
The backward algorithms begin with all features and remove
features iteratively. The well-known suboptimal sequential
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algorithms are listed in the following:

• Sequential forward selection(SFS): The sequential for-
ward selection algorithm[21,24] is a bottom up search
method. With each iteration one feature among the re-
maining features is added to the subset, so that the subset
maximizes the evaluation criterionJ . One of the draw-
backs of the SFS algorithm is that there is no mechanism
for rejecting already selected features. Once a measure-
ment is included in the feature subset, this attribute can-
not be discarded from the subset at a later stage of the
search even if it becomes superfluous. This effect is called
nesting[21].

• Sequential backward selection(SBS): Sequential back-
ward selection[21] is the counterpart of the SFS. In each
step, one feature is rejected so that the remaining subset
gives the best result of the evaluation criterionJ . As in
the SFS algorithm, the feature subset obtained using the
SBS method may be nested. Basically, the SBS method
is computationally more demanding than the SFS algo-
rithm, since the evaluation criterion has to be determined
more often in feature spaces with high dimensionality.

• Plus l-take awayr selection(PTA(l, r)): The PTA(l, r)
algorithm[21] partially avoids nesting of feature sets by
allowing a low level backtracking in the feature selection
process. The subset is enlarged by addingl features with
the help of the SFS algorithm. Afterwardsr features are
rejected by using the SBS method. Both steps are repeated
until a particular predetermined subset size is obtained.
The algorithm performs the search forward or backward
depending on the choice ofl and r. The PTA algorithm
suffers from the drawback that there are two parameters
for which the optimal value has to be determined. Addi-
tionally, the value of these parameters are static for each
run and the groups of features are added to or discarded
from the current subset are irrespective of their relation-
ship. The disadvantage of adding or removing a static
number of features may be overcome by using sequential
floating algorithms.

• Generalized sequential forward selection(GSFS(r)) [21]:
At each stager features are added simultaneously instead
of adding just one feature to the subset at a time like
the SFS method does. This algorithm and the following
counterpart does not avoid nesting entirely, since succes-
sive added sets may be nested. Basically, the previously
introduced SFS algorithm is a special case of the GSFS
procedure, where the generalization levelr is determined
to be 1.

• Generalized sequential backward selection(GSBS(r)):
This algorithm is the counterpart of the GSFS method.

• Generalized plusl-take awayr selection(GPTA(l, r)):
The difference between the PTA and the GPTA method
is that the former approach employs the SFS and the
SBS procedures instead of the GSFS and GSBS algo-
rithms. These generalized procedures are presented in
Refs.[21,24]. The generalized algorithms take statistical

dependencies between the attributes added or discarded
from the current feature set into account by considering
more than one feature at each stage. This advantage is
achieved only at the expense of more evaluations. The
generalized search methods are computationally expen-
sive, especially with large values ofl andr.

• Sequential forward floating selection(SFFS): The sequen-
tial forward floating algorithm is a bottom up search pro-
cedure introduced by Pudil et al.[19]. This method was
adapted for learning the structure of Bayesian network
classifiers (see Section 2.4)[20]. The algorithm includes
new features which maximize the criterionJ by means
of the SFS procedure starting from the current feature
set. Afterwards, conditional exclusions of the previously
updated subset take place. If no feature can be excluded
furthermore, the algorithm proceeds again with the SFS
algorithm. Hence, the parametersl andr used by the PTA
and GPTA algorithms are dispensable in the floating algo-
rithms. The floating methods are allowed to correct wrong
decisions made in previous steps and they approximate the
optimal solution in a better way than the sequential fea-
ture selection methods described above. However, these
floating methods are mostly more time consuming than
the SFS, SBS, and the PTA algorithms, especially in case
of data of great complexity and dimensionality.

• Sequential backward floating selection(SBFS): This algo-
rithm is the counterpart to the SFFS method. The search
procedure starts with all features selected and excludes
the least significant features by applying the basic SBS
algorithm on the current feature subset. This step is fol-
lowed by a series of conditional inclusions of the most
significant features of the remaining available features.
Both steps, exclusion and conditional inclusion steps, are
repeated until a stopping criterion concludes the search.
Pudil et al.[19] do not define any stopping criterion for
the floating algorithms. However, the algorithm can ter-
minate when a particular subset size is reached.

• Adaptive sequential forward floating selection
(ASFFS(rmax, b, d)): This search algorithm suggested
by Somol et al.[33] utilizes the best of both, general-
ized strategies and floating methods. This algorithm is
similar to the SFFS procedure, where the SFS and the
SBS methods are replaced by their generalized versions
GSFS(r) and GSBS(r). The optimal value ofr is deter-
mined dynamically. The maximum generalization level is
restricted by a user defined boundrmax . The current gen-
eralization levelr changes during the search depending
on the subset sizek. A parameterd is specified to no-
tify at what subset sizek the generalization level can be
larger to search more thoroughly the feature space. This
reduces the computing time enormously. Parameterb is
introduced to give the neighborhood of the final predeter-
mined subset dimension given byd. In this neighborhood
the highest generalization level is allowed. For a detailed
description of the algorithm refer to Somol et al.[33].
This algorithm is initialized with an empty subset.
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• Adaptive sequential backward floating selection
(ASBFS(rmax, b, d)) [33]: This is the counterpart of
the ASFFS method which is initialized with all features
selected.

4. Experiments

A comparative study has been performed on the data of
a surface inspection task[12] and data sets from the UCI
repository[13]. Throughout the experiments, five-fold cross-
validation classification accuracy has been used for learn-
ing the structure of the Bayesian networks. Similarly, the
five-fold cross-validation classification rate of thek-NN ap-
proach is used as scoring functionJ for the feature selec-
tion methods. All the structure learning and feature selection
experiments are based on exactly the same cross-validation
folds of the data sets. The Bayesian network classifiers use
discretized features, which were discretized using recursive
minimal entropy partitioning[34]. The partition boundaries
for discretization were established only through the training
data set. Zero probabilities of the conditional probability ta-
bles of the Bayesian network classifiers are replaced with a
small epsilonε = 0.00001. The following abbreviations are
used for the different classification approaches:

• NB: Naïve Bayes classifier.
• CFS-SNB: Selective Naïve Bayes classifier using the clas-

sical floating search.
• HCS-TAN: Tree augmented naïve Bayes classifier using

the hill-climbing search.
• CFS-TAN: Tree augmented naïve Bayes classifier using

the classical floating search.
• CFS-SUN: Selective unrestricted Bayesian network using

the classical floating search.
• SFFS-k-NN-C: k-NN classifier (k ∈ {1, 3, 5, 9}) using

continuous-valued data and the SFFS method.
• SFFS-k-NN-D: k-NN classifier (k ∈ {1, 3, 5, 9}) using

discrete-valued data and the SFFS method.

The k-NN classifier requires a scaling of the features,
whereby, the scaling parameters were determined only
through the training data set of the corresponding cross-
validation folds of the data set. Each feature is scaled to
zero mean and unit variance[35].

4.1. First experiment

4.1.1. Data
Experiments have been performed on a data setS

consisting of 516 surface segments from a surface in-
spection task, uniformly distributed into three classes.
Each sample (a surface segment) is represented by 42
features which are described in more detail in Ref.
[12]. The data set is divided into six mutually exclusive
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Fig. 5. Cross-validation classification performance of different se-
quential forward feature selection methods for a subset size up to
42.

subsetsS = {D1,D2,D3,D4,D5,H}. The data set parts
D1,D2,D3,D4, andD5 are used for finding the optimal
classifier (five-fold cross-validation). Each part is comprised
of 90 samples. The established classifiers are validated on a
separate hold-out data setHwhich has never been employed
during the optimization experiments[3].

4.1.2. Results
First, the sequential forward feature selection algorithms

are compared in terms of the achieved cross-validation clas-
sification performance using the 3-NN classifier (seeFig. 5).
Generally, the floating algorithms perform in a better way
than the methods without floating property do. The sequen-
tial forward floating algorithm (SFFS) performs in a simi-
lar manner as the more complex adaptive floating method
(ASFFS(3,4,5)). (With the given parameter setting of the
ASFFS algorithm the classification performance of a sub-
set size of 5 within a neighborhood of 4 is optimized more
thoroughly.) There is only a marginal difference of the re-
sult for the feature subset size of 31 (seeFig. 5). However,
the number of classifier evaluations used for establishing the
optimal subset for classification is only 5086 for the SFFS
compared to the ASFFS with 7768. For the floating algo-
rithms, the computational costs depend on the characteris-
tics of the data set due to the floating property. The general-
ized algorithms (GSFS and GPTA) perform slightly worse
than the SFFS method with a computational requirement
of 6391 and 13201 classifier evaluations, respectively. The
number of evaluations used for obtaining the optimal subset
for all non-floating algorithms is fixed for a given parame-
ter setting. The PTA and SFS search strategies achieve the
lowest scores for different sizes of subsets. Therefore, 2623
and 903 evaluations are necessary. Since the SFFS algorithm
achieves a good tradeoff between computational demands
and achieved classification rate and due to the fact that the
structure of the Bayesian network classifiers were learned
with an equivalent algorithm, further feature selection re-
sults consider only this method.

Table 1compares the feature selection results of the SFFS
approach to the Bayesian network classification methods.
The table shows the five-fold cross-validation classification



F. Pernkopf / Pattern Recognition 38 (2005) 1–10 7

Table 1
Comparison of Bayesian network and selectivek-NN classifiers (Experiment 1)

%CV5 %H #Arcs #Features #Evaluations #Parameters

NB 89.11± 2.8727 95.45 42 42 1 275
CFS-SNB 96.44± 2.11 96.96 20 20 2098 122
HCS-TAN 97.11± 2.02 96.96 54 42 17,893 533
CFS-TAN 97.11± 2.02 96.96 54 42 17,958 533
CFS-SUN 98.66± 0.81 98.48 14 12 4097 230
SFFS-1-NN-C 99.33± 0.60 98.48 — 8 2873 450 samples× 8 features
SFFS-3-NN-C 99.11± 0.49 98.48 — 8 5086 450 samples× 8 features
SFFS-5-NN-C 98.44± 0.60 98.48 — 7 4346 450 samples× 7 features
SFFS-9-NN-C 98.44± 0.99 98.48 — 9 5086 450 samples× 9 features
SFFS-1-NN-D 96.22± 2.02 86.36 — 15 6003 450 samples× 15 features
SFFS-3-NN-D 96.44± 2.53 90.90 — 23 4803 450 samples× 23 features
SFFS-5-NN-D 96.22± 2.02 93.94 — 26 5302 450 samples× 26 features
SFFS-9-NN-D 96.00± 1.26 93.94 — 20 4745 450 samples× 20 features

accuracy estimate (%CV5) and the performance on the hold-
out data set (%H). It also depicts the number of classifier
evaluations (#Evaluations) used for the search, the number
of independent probabilities (#Parameters), and the number
of features (#Features) and/or arcs (#Arcs) used to achieve
this classification accuracy estimate. The best achieved clas-
sification accuracy is emphasized by boldface letters.

The selective naïve Bayes classifier (CFS-SNB) achieves
a better %CV5 classification accuracy estimate than the
naïve Bayes (NB) approach based on all available attributes.
However, the performance on the hold-out data is similar.
The computational demands for establishing the CFS-SNB
classifier is relatively small. For the tree augmented naïve
Bayes classifier the same result is achieved either with hill
climbing or with the classical floating search algorithm. This
means that the CFS method does not perform backward
steps during the search. This is also observable in the num-
ber of used classifier evaluations. The TAN classifier uses
all extracted features and 12 arcs are added to the naïve
Bayes structure (#Arcs= 54). The TAN classifier uses 533
independent probabilities which have to be estimated from
the data set. It is only slightly better than the selective naïve
Bayes classifier. However, the CFS-SNB classifier has a
much simpler structure and there is also a smaller number
of parameters required. The selective unrestricted Bayesian
network (CFS-SUN) achieves the best classification accu-
racy estimate on the five-fold cross-validation and hold-out
data set among the Bayesian network classifiers. For achiev-
ing this result, 230 probabilities have to be estimated and
the structure (seeFig. 6) consists of 12 attributes and 14
arcs, whereas the TAN and NB structure do not enable fea-
ture selection. Additionally, the number of classifier evalua-
tions used for determining the structure of the TAN network
is high compared to finding the structure of the CFS-SUN
since the Markov blanket is used during the search for the
SUN network structure.

The selectivek-NN classifier on continuous attributes
slightly outperforms the CFS-SUN classifier. However, the
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Fig. 6. Established structure of the CFS-SUN classifier.

achieved classification performance on the hold-out data set
is the same for both. As mentioned above, the Bayesian
network classifiers use a discretized feature space. For dis-
cretized features, the performance of the SFFS-k-NN-D clas-
sifier degrades. Basically, thek-NN decision rule searches
through a labeled reference set for the nearest neighbors
which might be time consuming in case of a large number
of samples. Additionally, a large amount of memory might
be required. Bayesian network classifiers outperform selec-
tive k-NN methods in terms of memory requirements and
computational demands during classification. Especially, the
CFS-SUN is simple to evaluate but still maintains a high
predictive accuracy.

Generally, for the decision of the optimal size of the fea-
ture subset some conflicting issues have to be considered.
Discriminatory information may be lost in choosing too few
features. Otherwise, a smaller subset of features results in
lower computational costs for classification, since a limited
number of features has to be extracted and the dimension-
ality of the feature space for classification is lower. Addi-
tionally, a small set of features used for classification may
perform better on new data samples.
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4.2. Second experiment

The second experiment has been performed on 8 data
sets from the UCI repository[13]. The main characteris-
tics are summarized inTable 2. The attributes in the data
sets are multinomial and continuous valued.Table 3com-
pares the CFS–SUN classifier to the SFFS method using the
k-NN classifier. We selectk ∈ {1, 3, 5, 9} which gives the
largest classification performance. Both classification ap-
proaches are based on the equivalent search algorithm. The
table shows the five-fold cross-validation classification ac-
curacy estimate (%CV5), the number of classifier evalua-
tions (#Evaluations) used for the search, the number of in-
dependent probabilities (#Parameters), the number of near-
est neighborsk, and the number of features (#Features)
and/or arcs (#Arcs) used to achieve this classification ac-
curacy estimate. The best achieved classification accuracy
is emphasized by boldface letters. The CFS-SUN classi-
fier outperforms the selectivek-NN approach five times.

Table 2
Data sets (Experiment 2)

Data set #Features #Classes #Instances Attributes

Australian 14 2 690 Mixed
Flare 10 2 1066 Mixed
Glass 9 7 214 Continuous
Glass2 9 2 163 Continuous
Heart 13 2 270 Continuous
Pima 8 2 768 Continuous
Vote 16 2 435 Discrete
Vehicle 18 4 846 Continuous

Table 3
Comparison of Bayesian network and selectivek-NN classifiers (Experiment 2)

Data set Australian Flare Glass Glass2 Heart Pima Vote Vehicle

CFS-SUN %CV5 89.58 84.07 74.70 82.66 86.29 75.90 98.64 76.03
#Arcs 15 3 10 5 7 9 15 13
#Features 10 3 7 4 5 7 10 13
#Evaluations 1647 83 992 184 441 307 6055 1922
#Parameters 58 15 273 8 18 29 495 1808

SFFS-k-NN-C %CV5 — — 78.50 88.96 86.29 75.26 — 75.53
k — — 3 1 5 5 — 9
#Features — — 5 5 7 7 — 9
#Evaluations — — 117 87 316 108 — 1130

SFFS-k-NN-D %CV5 88.26 83.95 68.69 79.14 87.03 68.88 97.24 68.32
k 5 3 9 1 5 9 1 5
#Features 8 3 4 3 7 5 6 12
#Evaluations 465 122 87 87 283 165 377 522

In one case the selectivek-NN classifier using discretized
attributes achieves the best classification performance. The
selectivek-NN classifier performs well in domains such as
Glass, Glass2, and Heart where the number of samples for
learning the parameters (probabilities) of the Bayesian net-
work is small (seeTable 2). In general, it is interesting how
few parameters are used by the CFS-SUN classifier, espe-
cially for the data sets Flare, Glass2, Heart, and Pima. The
number of independent probabilities used for classifying the
Vehicle data set is large. Basically, the size of the condi-
tional probability tables of the nodes in the Bayesian net-
work increases exponentially with the number of parents. In
this case, this might provide probability estimates that are
not robust since the data set is relatively small.

5. Conclusion

This paper compares Bayesian network classifiers to the
selectivek-NN classifier. The selectivek-NN classifier uses
a subset of features which is established by means of sequen-
tial feature selection methods. In order to learn the structure
of the Bayesian networks, the hill climbing search and the
sequential forward floating algorithm are used.

Experiments were performed on the data of a surface
inspection task and data sets from the UCI repository.
Bayesian network classifiers more often achieve a better
classification rate on different data sets as selectivek-NN
classifiers. Thek-NN classifier performs well in the case
where the number of samples for learning the parameters
of the Bayesian network is small. It has been observed that
for certain data sets only few parameters are used by the
selective unrestricted Bayesian network classifier. Bayesian
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network classifiers outperform selectivek-NN methods
in terms of memory requirements and computational de-
mands during classification. Especially, the performance
of the selective unrestricted Bayesian network classifier
demonstrates the strength of Bayesian network classifiers.
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