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Abstract

W e in tro duce a new algorithm for the induction of

classi�ers from data, based on Ba y esian net w orks.

Basically this problem has already b een examined

from t w o p ersp ectiv es: �rst, the induction of clas-

si�ers b y learning algorithms for Ba y esian net-

w orks, second, the induction of classi�ers based

on the naiv e Ba y esian classi�er. Our approac h is

lo cated b et w een these t w o p ersp ectiv es; it elimi-

nates the disadv an tages of b oth while exploiting

their adv an tages. In con trast to recen tly app eared

re�nemen ts of the naiv e Ba y es classi�er, whic h

captures single correlations in the data, w e ha v e

dev elop ed an approac h whic h captures m ultiple

correlations and furthermore do es a trade-o� b e-

t w een complexit y and accuracy . In this pap er w e

ev aluate the implemen tation of our approac h with

data sets from the mac hine learning rep ository

and data sets arti�cially generated b y Ba y esian

net w orks.

Keyw ords: Mac hine Learning, Naiv e Ba y es

Classi�er, Ba y esian Net w orks, MDL principle

INTR ODUCTION

In this pap er w e in tro duce a new algorithm for the induc-

tion of classi�ers from data, based on Ba y esian net w orks.

Basically this problem has already b een examined from

t w o p ersp ectiv es: �rst from the induction of classi�ers b y

learning algorithms for Ba y esian net w orks, second, the

induction of classi�ers based on the naiv e Ba y esian clas-

si�er. Our approac h is lo cated b et w een these t w o p er-

sp ectiv es; it eliminates the disadv an tages of b oth while

exploiting their adv an tages.

The �rst induction of classi�ers in v olv es a searc h o v er

all p ossible net w orks and has b een successfully solv ed in

[2 ] and [4]. Ho w ev er, it can b e considered as unsup er-

vised learning [7] since it do es not distinguish b et w een

attribute v ariables and the class v ariable. Th us the re-

sults for a classi�cation task are not su�cien tly accurate.

The second induction approac h is based on the re�nemen t

of the naiv e Ba y es classi�er, whic h has already pro v ed its

p o w er for classi�cation in man y applications [13]. Due

to the fact, that this classi�er comes with the strong as-

sumption of indep endence, re�nemen ts are ac hiev ed b y

relaxing this assumption.

Signi�can t w ork in that �eld is found in [16 ], [14 ]

and [7]. The latter approac h impro v es the naiv e Ba y es

classi�er b y capturing single dep endencies b et w een the

attributes. Our approac h is motiv ated b y this one but

extends it b y t w o new features. These t w o features allo w

the p ossibilit y of learning m ultiple correlations b et w een

attributes and the trade-o� b et w een complexit y and ac-

curacy . W e argue that b oth features are imp ortan t, on

one hand, b ecause data from real w orld applications is

lik ely to ha v e m ultiple correlations b et w een its v ariables

and on the other hand, b ecause the application of classi-

�ers to real w orld problems requires a fast computation.

This computation, ho w ev er, dep ends strongly on the com-

plexit y of the classi�er. T o realize these t w o features,

w e adopted the principle of maximum description length

[2 ], whic h is a tec hnique used in the general learning of

Ba y esian net w orks.

W e shall denote v ariables that refer, for example, to

attributes in a classi�cation task, with capital letters,

suc h as A; B ; C and particular con�gurations of these

v ariables in lo w ercase, suc h as a; b; c . A set of v ariables is

denoted in b old, for example, U = f A; B ; C g . The classi-

�cation problem then can b e stated as follo ws. A training

set of cases has to b e partitioned in to a �xed n um b er of
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Figure 1: The structure of the naiv e Ba y es classi�er

classes. These \mapping" from cases to classes dep ends

on particular con�gurations of the attributes and has to

b e learned b y the classi�er. A case is represen ted b y the

attributes ( A

1

; A

2

; :::A

n

) and the class V . Ev ery attribute

A

i

can b e in a certain state A

i

= a

i

from its domain of

N

A

i

p ossible states. Eac h con�guration A of these at-

tributes b elongs to a class v

i

from the set of classes V .

The task is to learn a target mapping for eac h con�gu-

ration to one of these classes. Finally , the qualit y of the

induced classi�er can b e assessed b y its abilit y to classify

unkno wn con�gurations to an appropriate v

i

.

NAIVE BA YESIAN CLASSIFIER

Among other tec hniques, the naiv e Ba y esian classi�er (or

simply naiv e Ba y es) is one of the most p o w erful to ols in

mac hine learning. It can comp ete with other classi�ers,

suc h as bac kpropagation or ID3, though its structure is

less complex. Its p o w er for text classi�cation has b een

pro v en in [15 ], [11 ] and [13 ].

The Ba y esian approac h to ac hiev e a mapping b e-

t w een classes and attributes, is to iden tify the class with

the highest probabilit y for a particular con�guration of

the attributes. In statistical terms, the thereb y iden ti-

�ed class is named as the maximum a p osterior (MAP)

h yp othesis:
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Applying Ba y es theorem, this yields to:
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and due to the constan t presence of P ( a

1

; a
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) this

b ecomes:
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This describ es an approac h for a correct classi�cation of

attributes with resp ect to their probabilities, estimated

from the training data. The estimation of these prob-

abilities, ho w ev er, b ecomes in tractable with increasing

n um b er of attributes, since the n um b er of p ossible con-

�gurations of these attributes, also kno wn as \atomic

ev en ts", gro ws drastically . T o o v ercome this problem, the

naiv e Ba y es comes with the \naiv e" underlying assump-

tion, that ev ery attribute A

i

is indep enden t from the oth-

ers, thereb y the n um b er of required probabilit y v alues its

largely reduced. Under the assumption of indep endence,

the conjunction of the attributes can b e decomp osed in

a pro duct of the probabilities of eac h single attribute:

P ( a
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), whic h yields to the

naiv e Ba y es classi�er:
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In other w ords, this learning metho d in v olv es a learn-

ing step, where the estimates for all P ( v

i

) and P ( a

j

j v

i

)

are determined b y their frequencies in the training set b y

simply coun ting their o ccurrences. An induced classi�er

can then b e used to classify an y con�guration of the at-

tributes b y m ultiplying for ev ery class v

i

the probabilities

P ( a

j

j v

i

) of eac h attribute and selection of that class,

whic h yields to the highest probabilit y .

The p erformance of this simple approac h has b een

measured in v arious applications. One in teresting ex-

ample is the classi�cation of newsgroups, as rep orted in

[11 ]. In this w ork, 20 newsgroups, eac h with 1000 ar-

ticles, ha v e b een classi�ed. The classes v

i

w ere giv en

b y the names of this 20 news groups, for example

c omp.sys.ibm.p c.har dwar e , and the attributes b y w ords

from the English language app earing in those articles.

The exp erimen t lead to an amazing result of 89% accu-

racy , in con trast to a random classi�cation with exp ected

5% accuracy . Notew orth y , ho w ev er, is that the assump-

tion of conditional indep endence w as not necessarily k ept

b y the data. One can imagine, that in the case of classi�-

cation of texts in natural language, conditional dep enden-

cies m ust exist. F or instance, it is lik ely to �nd the w ord

\In telligence" after the w ord \Arti�cial" or to �nd the

w ord \Naiv e" b efore the w ord \Ba y es". Ho w ev er, recen t

results sho w ed that the naiv e Ba y es classi�er p erforms

w ell ev en with violation of this assumption.

This leads to the ob vious question, whether w e can

ac hiev e ev en b etter p erformance b y using net w orks whic h

consider dep endencies in the data. Ba y esian Net w orks

[17 ] pro vide a metho d to represen t suc h dep endencies b e-

t w een v ariables and there are approac hes to learn their

structure and parameters from data.

LEARNING BA YESIAN NETW ORKS

F OR CLASSIFICA TION

Bayesian Networks

A Ba y esian net w ork B for a set of random v ariables U

is de�ned b y a structure S , describing a directed acyclic

graph, and a set of parameters �, quan tifying this struc-

ture. The structure is represen ted b y arcs b et w een the

random v ariables X

1

; X

2

; :::; X

n

in U , whic h indicate di-

rect dep endencies b et w een them. F urthermore, the set of

parameters � pro vides for ev ery con�guration of a v ari-

able X

i

and the con�gurations of its paren ts pa ( X

i

) a
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whic h is equal to the probabilit y P ( X

i

j

pa ( X

i

)) of this particular con�guration. Th us the join t

probabilit y distribution ab o v e U can b e reconstructed b y

the m ultiplication of eac h no des probabilities:

P
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If pa ( X

i

) consisted only of the class v ariable V for ev-

ery i 2 1 ; 2 ; :::; n and pa ( V ) = 0, the ab o v e w ould de-

scrib e a Ba y esian net w ork for a naiv e Ba y es classi�er.

Ho w ev er, w e are able to express far more complex re-

lationships within U . Basically these relationships are

ab out dep endence and indep endence b et w een these v ari-

ables. Let A ; B ; C b e subsets in U . Then there is

conditional indep endence b et w een A and C giv en, if

P ( A j B ) = P ( A j B ; C ) holds, whenev er P ( B ; C ) > 0.

That is, when the state of B is kno wn, no kno wledge

ab out C will alter the probabilit y of A [10 ]. Of course

this implies, that this holds for ev ery p ossible con�gura-

tion a ; b ; c of the subsets A ; B ; C . In Ba y esian net w orks,

this indep endence is enco ded b y the follo wing de�nition:

Ev ery v ariable X

i

is indep enden t of its nondescendan ts

giv en its paren ts [17 ].

The le arning of structur e and p ar ameters

This problem can b e solv ed b y a searc h o v er all p ossi-

ble net w orks and an estimation of the parameters �. T o

iden tify that net w ork, whic h matc hes the data b est, a

commonly used metho d is to calculate the lo g-likeliho o d

for B giv en D . Let B = f S; � g b e a Ba y esian net w ork

for the data set D with D = f d

1

; d

2

; :::; d

N

g where d

i

assigns for ev ery v ariable in B a v alue. Then

LL ( B j D ) =

N

X

i =1

l og P

B

( d

i

) (6)

measures the probabilit y that the data D w as generated

from the net w ork B . That means, the bigger LL ( B j D )

the more lik ely the examined net w ork can represen t the

underlying distribution of D . Unfortunately this measure

is not appropriate in its pure form for learning Ba y esian

net w orks, since it fa v ours complex net w orks, whic h lead

to a higher log-lik eliho o d than simple ones.

Ho w ev er, it has b een sho wn, that the n um b er of p os-

sible structures increases drastically with the n um b er of

no des in the net w ork. Hec k erman commen ted on this: "If

w e consider Ba y esian net w ork mo dels with n v ariables,

the n um b er of p ossible structure h yp otheses is more than

exp onen tial in n " [9]. Therefore, it is imp ossible to con-

sider all of these mo dels during a searc h. A common

tec hnique to a v oid the consideration of all p ossible solu-

tion of a problem is to p erform a gr e e dy-se ar ch , whic h

usually leads to a lo cal maxim um in the searc h space. T o

apply suc h a greedy-searc h to a Ba y esian net w ork, a scor-

ing function is necessary , whic h returns a v alue for lo cally

applied c hanges.

Supp ose A

i

is a no de in a net w ork with n v ariables.

Consequen tly there are n � 1 p ossible paren ts for this

no de and 2

n � 1

p ossible com binations of them. Instead of

applying all these com binations for ev ery no de, a greedy-

searc h could b e implemen ted whic h p erforms the op er-

ations add p ar ent and delete p ar ent , guided b y a scor-

ing function. A greedy-searc h w orks on the principle of

not reconsidering op erations done in previous steps. This

leads �nally to a lo cal optimal solution, as long as the

score indicates the optimal op eration for ev ery step.

Since the scoring function needs to b e applicable lo-

cally , the log-lik eliho o d, whic h returns a v alue corresp ond-

ing to the whole net w ork, cannot b e used. F urthermore,

as men tioned ab o v e, this measure tends to fa v our complex

structures whic h w e w an t to a v oid. T o solv e this prob-

lems, t w o metric functions ha v e b een in tro duced, namely

the Bayesian Information Criterion (BIC) [4] and the

Minimum Description L ength (MDL) criterion [2]. Both

of these functions return a score whic h maximises the log-

lik eliho o d, ho w ev er with a restriction b y the complexit y .

Since these functions are similar from their principle, w e

fo cus on the MDL score, whic h also motiv ates our ap-

proac h.

Minimum description length (MDL) principle

The MDL score consists of t w o parts, whic h are the previ-

ously in tro duced log-lik eliho o d and the complexit y of the

mo del. The approac h selects a mo del within a trade-o�

b et w een these t w o comp onen ts. The complexit y of a net-

w ork can b e expressed b y the n um b er of bits necessary for

its represen tation. Supp ose there are n no des in a net-

w ork eac h with k paren ts, then the paren ts of a no de can

b e enco ded with k l og

2

( n ) bits. F urthermore, the condi-

tional probabilit y tables, asso ciated with eac h no de, ha v e

to b e enco ded as w ell. F or a no de in a Ba y esian net w ork,

one probabilit y is needed for ev ery p ossible con�guration

of the paren ts and the no de itself. The information nec-

essary to enco de a Ba y esian net w ork with n no des is:

n

X

i =1

[ k

i

l og ( n ) + d ( v al ( X

i

) � 1)�

X

j

2 pa ( X

i

)

v al ( X

j

)] (7)

Where d denotes the n um b er of bits necessary to represen t

the n umeric v alue of a probabilit y , v al ( X ) the n um b er of

p ossible states no de X can tak e and pa ( X ) denotes its set

of paren ts. This is the enco ding sc heme, suggested in [2].

Since this form ula sums o v er all no des in the net w ork, it

can easily b e decomp osed for a single no de.

The second part in the MDL score is a measure of

ho w w ell the net w ork represen ts the data. Ho w ev er, the

log-lik eliho o d cannot b e used directly , since it cannot b e

decomp osed for eac h no de. The metric used in [2 ] is sup-

p orted b y the t w o follo wing facts:



� The Kul lb ack-L eibler Cr oss-Entr opy b et w een the

true distribution P ( X ) and the distribution Q ( X ),

generated b y a Ba y esian net w ork, shrinks as Q ( X )

more closely appro ximates P ( X ). Due to the fact,

that a net w ork whic h generates the true distribution,

also enco des the data optimally , the cross-en trop y

can b e used as a measure to iden tify this net w ork.

� As sho wn in [5], the cross-en trop y b et w een a true dis-

tribution P ( X ) and a distribution Q ( X ) is minimal

if the underlying net w ork generating Q ( X ) is a max-

im um w eigh t spanning tree and the w eigh ts b et w een

eac h no de X

i

and X

j

are de�ned b y the m utual in-

formation b et w een them.

The m utual information b et w een t w o no des X

i

and

X

j

is de�ned as:

I ( X

i

; X

j

) =

X

X

i

;X

j

P ( X

i

; X

j

) l og

2

P ( X

i

; X

j

)

P ( X

i

) P ( X

j

)

(8)

whic h sums o v er all p ossible states of X

i

and X

j

. Giv en

the m utual information b et w een all v ariables, one can

build a maxim um w eigh ted spanning tree and therefore

appro ximate the maxim um log-lik eliho o d, with resp ect to

the data. The m utual information, ho w ev er, can b e ap-

plied to ev ery single no de.

Lam and Bacc h us ev aluated their approac h with net-

w orks of di�eren t sizes. In most of the cases the MDL

score w as able to reconstruct the original Ba y esian net-

w ork whic h generated the data for the learning pro cess.

In [3 ] they extended their approac h to re�ning existing

net w ork structures, and particularly considered the en-

co ding of c hanges b et w een one mo del and a p oten tially

b etter one.

Ho w ev er an ev aluation in [6 ] sho w ed, that the learn-

ing of classi�ers with this approac h leads to p o or results.

In that pap er they argued, that the reason for this is

the scoring function itself. Since the MDL score fa v ours

simple net w orks, it tends to reduce relations b et w een at-

tribute v ariables and the class v ariable. In particular, for

problems with man y attributes, classi�ers pro duce p o or

predictions, since imp ortan t attributes are cut from the

class no de and therefore not able to con tribute directly

to the classi�cation. They considered learning with the

MDL score as \unsup ervised" learning, since the learn-

ing algorithm has no information giv en ab out whic h no de

represen ts the class. They also claimed, that the learning

of a classi�cation problem with the Ba y esian information

criterion (BIC) su�ers from the same problem. F or these

reasons, the classi�cation problem has b een tac kled using

the naiv e Ba y es classi�er, whic h is describ ed in the next

section.
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Figure 2: The structure of the tree augmen ted naiv e

Ba y es classi�er (T AN)

IMPR O VING NAIVE BA YES

As w e sa w in the previous section, standard learning al-

gorithms for Ba y esian net w orks are insu�cien t to solv e

classi�cation tasks. Therefore sev eral e�orts ha v e b een

undertak en to impro v e the naiv e Ba y es classi�er for the

classi�cation of correlated data. Since the naiv e Ba y es

classi�er comes with the strong assumption of indep en-

dence, these approac hes are motiv ated in relaxing this

assumption. Basically this leads to a searc h of correla-

tion b et w een the attributes and metho ds to re
ect them

in the classi�er. In the literature three signi�can t ap-

proac hes can b e found:

� Sub feature selection

� The joining of attributes

� The T ree Augmen ted Naiv e Ba y es (T AN)

The �rst metho d is found in [14 ] who describ ed a

greedy-searc h algorithm whic h excludes strong correlated

attributes from the classi�er. This tak es place in a for-

w ard selection manner, whic h starts with an empt y set

of attributes and incremen tally adds new ones, unless a

termination criterion is met. The selection of attributes

tak es place with resp ect to a metric, whic h iden ti�es at-

tributes with a crucial con tribution to the classi�cation.

The metric they used w as le ave-one-out cr oss validation

1

,

since it is the most precise measure for the accuracy of a

classi�er.

The second approac h is describ ed in [16 ] and tac kles

the problem in the opp osite w a y . Rather than excluding

correlated attributes, this approac h joins them together

to ac hiev e higher classi�cation accuracy . They ev aluated

the selection of attributes in a forw ard and bac kw ard

manner, with t w o p ossible op erations, whic h are to add

an attribute to the classi�er (resp ectiv ely delete) and to

join an attribute with one in the classi�er. They also used

the lea v e-one-out tec hnique to indicate whether a c hange

w as successful or not.

The latest w ork in this �eld is the tr e e augmente d

naive Bayes (T AN) approac h, describ ed in [7]. This ap-

proac h p erforms b etter than the other t w o and is also

1

Describ ed later in this pap er



the motiv ation for our approac h. It is based on the w ork

from [5] and [8], whic h dev elop ed algorithms for building

a maxim um w eigh ted spanning tree b y the m utual infor-

mation and conditional m utual information resp ectiv ely .

Note, as w e sa w ab o v e, the �rst one also motiv ated the

MDL principle.

The T AN algorithm builds a net w ork structure, de-

p ending on the m utual information b et w een no des. Basi-

cally it captures correlations b et w een attributes b y dra w-

ing arcs b et w een them. Ho w ev er, this approac h comes

with in tended restrictions, since it is goal orien tated to

classi�cation tasks. The �rst restriction is that ev ery at-

tribute is connected to the class v ariable that yields to

the structure of naiv e Ba y es. The second restriction is

that ev ery attribute ma y o wn one more paren t b esides

the class v ariable (see Figure 2). The so resulting struc-

ture impro v es the naiv e Ba y es, since it can capture single

relations b et w een t w o attributes. On the other hand, it

a v oids a searc h through the space of all p ossible net w orks

b y these restrictions to the structure. The results re-

p orted b y this approac h are equal or b etter than results

rep orted from the naiv e Ba y es.

W e argue, ho w ev er, that this approac h comes with

t w o crucial disadv an tages:

� Only single correlations b et w een attributes can b e

captured, due to the restriction to one additional par-

en t b esides the class no de

� P aren ts are c hosen with resp ect to the maxim um log-

lik eliho o d, but the resulting complexit y is not consid-

ered.

Certainly the �rst is reasonable, since net w orks with

n > 2 paren ts are more complex. Ho w ev er, supp ose a net-

w ork, where the con�gurations of attribute A

4

dep ends

on the con�guration of A

1

; A

2

; A

3

, whic h are indep en-

den t from eac h other. The T AN Ba y es w ould add the

no de with maximal in
uence on A

4

as paren t and ignore

the in
uence of the other t w o. In the w orst case, these

ignored attributes w ould ev en b e connected as c hildren to

other no des.

The second disadv an tage b ecomes signi�can t if there

are no des with plen t y of states. The algorithm w ould

fa v our net w orks, whic h increase LL ( D j B ), regardless of

their complexit y . Note, that the size of a no de's condi-

tional probabilit y table (CPT), whic h holds all p ossible

con�gurations of the no de itself and its paren ts, gro ws

drastically with the n um b er of states of eac h paren t. F or

a no de with i states and t w o paren ts with j and k states,

the CPT consists of i � j � k en tries. W e argue further

that the predictions of the classi�er b ecome less reliable

with more complex no des. This comes from the fact that

the bigger the CPT, the more probabilities are need to

a
1

a
3
a
2
 a
4
 a
n


...


v
i


Figure 3: An example net w ork, as it migh t result from

our approac h

b e estimated from the data. These con�gurations, ho w-

ev er, are less lik ely to b e found in the data with increasing

complexit y . Th us their estimates are insu�cien t and lead

to p o or predictions. T o o v ercome this problem, F riedman

and Goldszmidt in tro duced a smo othing op eration to �ll

the gap of unreliable probabilities.

LEARNING CLASSIFIERS WITH MUL-

TIPLE CORRELA TIONS AND LESS

COMPLEXITY

Our approac h can b e found b et w een the T AN arc hitecture

and the MDL approac h for learning Ba y esian net w orks.

F urthermore it com bines the adv an tages of b oth and ex-

cludes their disadv an tages, whic h w ere previously iden-

ti�ed in this pap er. The algorithm can b e c haracterised

b y t w o main features as follo ws. First, since our algo-

rithm is supp osed to b e applied for classi�cation tasks,

and the class v ariable is usually kno wn, w e limit the n um-

b er of p ossible net w orks to those whose attributes ha v e

the class no de as paren t. Second, w e start to searc h for

relations b et w een these attributes, using the MDL score

whic h fa v ours simple relations with maxim um con tribu-

tion to the log-lik eliho o d.

The second feature applies a greedy searc h for eac h

no de, to a v oid the h uge searc h space of all v alid paren t

com binations. The metric for this greedy searc h is the

trade-o� b et w een m utual information and the complex-

it y caused b y the c hange. W e used the mo di�ed v er-

sion of the m utual information from [2], whic h de�nes

a w eigh t W ( A

i

; pa ( A

i

)) for attribute A

i

and its paren ts

pa ( A

i

) with

X

A

i

;pa ( A

i

)

P ( A

i

; pa ( A

i

)) l og

2

P ( A

i

; pa ( A

i

))

P ( A

i

) P ( pa ( A

i

))

: (9)

Against this information measure stands the complexit y

C ( A

i

; pa ( A

i

)), resulting from this paren t con�guration

with

v al ( A

i

)�

A

j

2 pa ( A

i

)

v al ( A

j

) ; (10)

where v al ( X ) the n um b er of p ossible states for X de-

notes. The score in our greedy searc h consists of these t w o



comp onen ts. Supp ose t w o paren t con�gurations pa

1

( A

i

)

and pa

2

( A

i

) for attribute A

i

, where pa

2

is extended b y

one more attribute than pa

1

. F or a comparison of these

t w o paren t con�gurations, w e compute the v alue pairs

( W

1

; C

1

) and ( W

2

; C

2

) for b oth resp ectiv ely and compare

the relativ ely gro wth of complexit y and w eigh t:

�

W

2

W

1

>

C

2

C

1

(11)

Where � denotes a w eigh ting factor to con trol the trade-

o� b et w een complexit y and information gain. Using this

form ula a new paren t con�guration is accepted, if the

relativ e information exceeds the relativ e complexit y .

The greedy searc h needs a sorted list for eac h no de,

indicating whic h of the other no des are w orth of b ecoming

paren ts. Th us w e generate a list for eac h no de, consisting

of ev ery p ossible paren t A

j

and rank them b y their w eigh t

W ( A

i

; V ; A

j

). Giv en this list, the algorithm successiv ely

adds a no de from this list as paren t and k eeps it as paren t,

if the ac hiev ed w eigh t W exceeds the complexit y C . In

addition to the op erations add ar c and delete ar c w e use

the op eration r everse ar c , whic h is necessary in the case

that a no de A

i

fa v ours another no de A

j

as paren t, but A

i

has already b een c hosen as paren t for A

j

. In this case w e

rev erse this arc, dep ending on the w eigh t of b oth. The

computational complexit y of this greedy searc h is O ( n

2

)

for n attributes, since in the w orst case all p ossible n � 1

paren ts are considered b y ev ery no de. The algorithm for

n attributes can b e summarized as follo ws:

� Generate for ev ery attribute a paren t list P , corresp onding to

a naiv e Ba y esian classi�er with P

V

= fg and P

i

= V for ev ery

i 2 f 1 :::n g

� Rep eat for ev ery A

i

with i 2 f 1 :::n g :

Generate a list L , consisting of n � 1

en tries whic h store the w eigh ts W ( A

i

; V ; A

j

),

for ev ery p ossible paren t no de A

j

.

Sort L with ascending W.

Rep eat for all A

j

2 P

Compute W

1

= W ( A

i

; P

A

i

) and

C

1

= C ( A

i

; P

A

i

)

Add A

j

to P

A

i

(add arc)

Compute W

2

= W ( A

i

; P

A

i

) and

C

2

= C ( A

i

; P

A

i

)

If �

W

2

W

1

<

C

2

C

1

Remo v e A

j

from P

A

i

(delete arc)

ElseIf A

i

2 P

A

j

If W ( A

i

; P

A

i

) > W ( A

j

; P

A

j

)

Rev erse arc

end

end

end

end

� Return classi�er

EXPERIMENTS

Metho dolo gy

The naiv e Ba y es, the T AN Ba y es and our approac h,

named m ultiple Ba y es, ha v e b een implemen ted for an

ev aluation with di�eren t training sets. W e used on the

one hand training sets from the mac hine learning rep os-

itory [1] and on the other hand with Ba y esian net w orks

arti�cially generated data. The latter comes with the ad-

v an tage, that the underlying net w ork is already kno wn

and th us the induced classi�er can b e compared with it.

W e build Ba y esian net w orks with the commercial pac k age

Netic a and sampled su�cien t cases from it.

In line with other researc h pap ers, the accuracy of

eac h classi�er has b een determined b y the le ave-one-out

cr oss validation [12 ]. In con trast to the less precise hold-

out metho d, where a classi�er is induced with

2

3

of the

training data and its accuracy measured with the other

1

3

, this metho d induces a classi�er with all samples less

one and measures its accuracy with that sample, left out

during the training. This pro cess is rep eated for all sam-

ples in the training data, and the accuracy calculated b y

correctly classi�ed samples divided b y all samples. A de-

tailed examination on the ev aluation of classi�ers is found

in [12 ].

R esults

Generally w e exp ected from our results a b etter or equal

accuracy as the naiv e Ba y es classi�er. F urthermore w e

exp ected that the complexit y of the generated classi�er

w ould b e lo cated b et w een naiv e Ba y es and T AN. T able 1

sho ws the prop erties of the data set and training set. The

results with this data is found in table 2, whic h lists the

accuracy for the naiv e Ba y es classi�er, the tree augmen ted

naiv e Ba y es and m ultiple Ba y es.

As it can b e seen in table 2, the m ultiple Ba y es ap-

proac h has ac hiev ed for the �rst t w o data sets an accuracy

equal to the naiv e Ba y es. The T AN classi�er, ho w ev er,

ac hiev ed in b oth sets less accuracy than the others. These

sets ha v e not b een c hosen arbitrary , they b oth ha v e v ery

little correlations b et w een their attributes. Th us our clas-

si�er preferred the most simple structure, whic h is the

naiv e Ba y es (no additional paren ts), and ac hiev ed th us

the same accuracy . Since the T AN approac h ignores the

balance b et w een complexit y and accuracy , it builds a clas-

si�er, based on w eak correlations b et w een the attributes.

The resulting paren t-c hild connections are p o orly sup-

p orted b y the data, whic h explains the loss of accuracy .

The third data set comes with 16 attributes. As w e

disco v ered with our classi�er, t w o from this 16 attributes

are signi�can tly in
uenced b y more than three others.

This stands in con trast to the other 14 attributes, whic h

are maximal with t w o correlated. Th us our classi�er re-

turned a structure where 14 attributes are connected to

t w o or less paren ts, these t w o strong correlated no des,

ho w ev er, with more than three. Since the T AN arc hitec-

ture allo ws a maxim um of one paren t for eac h no de, it

w as not able to capture these m ultiple correlations. Due



# V ar. # Cases # Av. states

breast 11 699 10

balance 5 625 5

v otes 17 435 3

ABN 5 1000 2

T able 1: Prop erties of the used datasets

Naiv e Ba y es

T AN
Multi Ba y es

breast 97,42 � 0,60

92,56 � 1,00 97,42 � 0,60

balance 92,16 � 1,10

85,28 � 1,42 92,16 � 1,10

v otes 90,34 � 1,41 89,20 � 1,61 92,42 � 0,60

ABN 70,00 � 1,45

70,90 � 1,44 73,70 � 1,41

T able 2: Accuracy of the tested classi�ers

to this, our approac h w as able to ac hiev e a higher accu-

racy . F urthermore this could b e reac hed with a sligh tly

more complex classi�er, than the one returned b y T AN,

since not all attributes had b een connected with a paren t.

The last data set whic h w e examined, w as generated

with an arti�cial Ba y esian Net w ork. The structure of

this net w ork w as c hosen to re
ect m ultiple correlations

as the previous example as w ell. W e sampled 1000 cases

from this net w ork and used them with our classi�er. The

result w as a classi�er re
ecting all correlations de�ned in

the Ba y esian net w ork and th us succeeded with the highest

accuracy .

CONCLUSION

W e prop osed a new arc hitecture for the induction of clas-

si�ers, based on Ba y esian net w orks. Essen tially this w as

carried out b y the adoption of the MDL principle to the

naiv e Ba y es classi�er.

Our results sho w that our re�ned classi�er yields in

all cases an accuracy equal to or b etter that of naiv e

Ba y es, and furthermore it outp erforms T AN in the case of

data with w eak or m ultiple correlations. Our assumption,

that correlations are only w orth mo delling in a classi�er if

they are c heap in terms of complexit y , has b een re
ected

b y this results. W e in tended to do further tests, to co v er

a wide range of di�eren t data sets.

The complexit y of our algorithm is equal to that of

other approac hes and computational tractable. Ho w ev er,

the calculation of the m utual information seems to limit

the sp eed of the induction pro cess signi�can tly . Th us our

approac h, and all other metho ds based on the m utual

information, are lik ely to induce classi�ers slo wly , if at-

tributes with n umerous states are found in the data. T o

o v ercome this problem, a simpler metho d for the iden ti-

�cation of correlations in the data has to b e found. This

metho d has to b e capable to iden tify statistical correla-

tions and non-statistical correlations, as for example giv en

b y the parit y problem, as w ell. This area is to b e explored

in the next stage.
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