Decision trees using the belief func tion the ory

Zied Elouedi

LAROID,

Institut Supérieur de Gestion deTunis,

41 ruedela libert é, Le Bardo

2000, Tunisie.

zied. elouedi@isg.rnu.tn

Khaled Mellouli

LAROID,

Institut Supérieur de Gestion deTunis,

41 ruedela libert é, Le Bardo

2000 Tunisie.

khaled. mellouli@ihec.rnu.tn

Philippe S mets

IRIDIA,

Universit é Libr ede Bruxelles,

50 av., F.Roosvelt, CP19416,

1050 Bruxelles, Belgique.

psmets@ulb.ac.be

Abstract

This paper presents an algorit hmfor building decision trees in an uncertain environment. Our algorit hmwill usethe theory of belief funct ions in order to represent theuncertaint y about the paramet ers of theclassification problem.

Our method will beconcerned with both thedecision treebuilding task and the classification task.

Keywords: Belief funct ion t heory,

Decision tree, Classification.

1 Introduction

Decision trees areone of themost widely used classification techniques especially in artificial int elligence. Their popularity is basically duet o their abilit y to express knowledgein a formalismthat is oft en easier to int erpret by experts and even by ordinary users.

Despit etheir accuracy when preciseand certain data areavailable, theclassical versions of decision tree algorit hms arenot ableto handletheuncertaint y in classification problems. Hence, their results are categorical and do not convey t heuncertaint y that ma y occur in theattributevalues or in thecaseclass.

To overcomet his limitation, Quinlan has developed probabilist ic decision trees [5] wher ehis major object iveis to dea l wit h examples characterized by missing or impr eciseattributevalues. However within his framewor k, only statistical uncertaint y induced by infor mation arisen fromrandom behavior, is taken into account.

In this paper, wepresent a classification met hod based on thedecision treeapproach having the object iveto copewit h theuncertaint y that ma y occur in a classification problem and which is basically related to huma n thinking, reasoning and cognition.

Our algorithmwill usethebelief funct ion theory as understood in thetransferablebelief model (TBM)

[11, 12] and which seems offer ing a convenient framework thanks to its abilit y to represent epist emological uncertaint y.

Moreover, theTBM allows experts to expr ess partial beliefs in a much mor eflexibleway tha n probabilit y funct ions do. It also allows to handlepartial or even total ignoranceconcerning classification paramet ers.

In addition to theseadvantages, it offers appropriate tools to combineseveral pieces of evidence.

This paper is composed as follows: westart by introducing decision trees, then wegivean over view of thebasic concepts of thebelief function theor y. In themain part of thepaper, wepresent our decision treealgorit hmbased on theevidencetheor y. The two major phases will bedetailed: t hebuilding of a decision treeand t heclassification task. Our algorit hmwill beillustrated by an exa mplein or der to understand its real unfolding.

2 Decision trees

Decision trees present a systemusing a top-down strategy based on thedivideand conquer approach wher ethema jor aimis to partition thetreein ma ny subsets mutually exclusive. Each subset of t he partition repr esents a classification sub problem.

A decision treeis a representation of a decision procedureallowing to det er minet heclass of a case.

It is composed of thr eebasic elements [14]:

- Decision nodes specifying thet est attributes.

- Edges corresponding to t hepossibleattribute outcomes.

- Leaves na med also answer nodes and labeled by a class.

Thedecision treeclassifier is used in two differ ent cont exts:

1. building decision trees wher e thema in objective is to find at each decision nodeof thetree, thebest test attributethat diminishes, as much as possible, themixtureof classes with each subset created by thet est.

2. classification wher ewestart by theroot of the decision tree, then wet est theattributespecified by this node. Theresult of this test allows to move down thetreebranch relativeto t heattributeva lueof thegiven exa mple. This process will berepeated until a leaf is encount ered. So, thecaseis classified by tracing out a path fromtheroot of thedecision treeto oneof its lea ves [6].

Many algorit hms havebeen developed for learning decision trees. Among themost fa mous arethose suggest ed by Quinlan likeID3 [4] and C4.5 [7]. One of thefunda mental steps of thesealgorithms is the selection measureapplied to find theappropriatetest attributeat each decision nodewhilegrowing the tree.

Quinla n has defined a measurecalled infor mation gain [4] also referr ed t o as thecrit erion gain origina lly based on theinfor mation theory of

Shannon. Theidea is to comput etheinfor mation gain of each attributein order to find how well each attributealoneclassifies thetraining exa mples, then theonepr esenting thehighest valuewill bechosen.

In fact, this attributegenerates a partition wher ethe instances classes areas homogeneous as possible within each subset created by theattribute.

Let A bean attributewit h k outcomes that partitions thetraining set T of instances int o k subsets T m (m=

1..k).

Supposether earen classes, denot ed C 1 , � C n , and p i = freq(C , T)

T

i represents theproportion of objects in T belonging to theclass C i ( i = 1...n).

Theinformation gain for an attributeA relativet o thetraining set T is defined as following [7]:

Gain(T, A) = Info(T) - Info A (T) wher e Info(T) = - p . log p i 2 i i = 1

n å

= - å freq(C , T)

T

log ( freq(C , T)

T

) i i = 1

n

2 i .

and Info (T) =

T

T

Info(T ) A

m m 1

k m

=

å .

Info(T) measures theaveragea mount of infor mation needed t o ident ify theclass of a casein a training set

T, it is also called t heentropy of theset T [7].

Info(T m ) is thesamemeasur ebut comput ed fromt he data in T m . Info A (T) is theweight ed averageof the conditional entropies. It represents thesamet ypeof measur ement as Info(T) but after considering the partition of T obtained by taking int o account thek outcomes of theattributeA. This attributeselection criterion comput es thediffer encebetween t he entropies beforeand after thepartition, thelargest differ encecorresponds to thebest attribute.

3. Belief function theory

In this section, themain concepts of t hebelief funct ion model arerecalled [8, 11, 12].

3.1 Background

Let Q bethefra meof discernment repr esenting a finit eset of elementary hypotheses related to a problemdoma in. Wedenot eby 2 Q theset of all the subsets of Q .

To represent degr ees of belief, Shafer [8] introduces theso-called basic belief assignments (called init ially basic ’probabilit y’ assignments, an expr ession that has created serious confusion). They quant ify thepart of belief that supports a subset of hypotheses wit hout supporting any strict subset of that set by lack of appropriateinfor mation [11]. A basic belief assignment ( bba) is a function denot ed mt hat assigns a valuein [0, 1] to every subset A of

Q .

This funct ion mis defined her eby:

m: 2 Q ® [0,1] such that m( Æ ) = 0and m(A) = 1

A Í

å

Q

Thesubsets A of thefra meof discernment Q which m(A) arestrictly posit ive, arecalled focal elements of the bba.

Thecr edibilit y Bel and theplausibilit y Pl are defined by:

Bel(A) = m(B)

B A Í

å

Pl(A) = m(B)

A B Ç ¹ Æ

å

Thequantit y Bel(A) expr esses thetotal belief fully committ ed to thesubset A of Q . Pl(A) represents the maximuma mount of belief that might support the subset A.

Wit hin thebelief funct ion model, it is easy to expr ess thestateof total ignorance. This is doneby theso-called vacuous belief funct ion which only focal element is thefra meof discernment Q . It is defined by [8]:

m( Q ) = 1 and m(A) = 0 for A ¹ Q .

Assessments of the bba are explained in [11, 13].

3.2 Combination

Let Bel 1 and Bel 2 betwo belief functions induced by two distinct pieces of evidence. Let m 1 and m 2 denot etheir bba, respect ively. The Dempst er ruleof combination aims at building the bba that represents theimpact of thecombined evidence. It is defined as

[8]:

" Í Å

Í Ç

å

A , m(A) = (m m )(A)

= K. m (B). m (C)

1 2

1 2

B, C B C = A

Q

Q :

wher e K = 1 - m (B). m (C) 1 1 2

B C =

-

Ç Æ

å

K is thenor malization factor (wewor k her eunder thecloseworld assumption [11]).

Dempst er’s ruleof combination is a conjunct iverule:

it builds the bba when bot h pieces of evidenceare accept ed. Thedual of t his conjunctiveruleis the disjunct iveruleof combination [10] that builds the bba representing theimpact of t wo pieces of evidencewhen weonly know that at least oneis to beaccept ed, but wedon’t know which one. This rule is defined as following:

" A Í Q , m m (A) = m (B). m (C)

1 2 1 2

B, C B C = A

Ú

Í È

å

Q :

Theserules of combination arecommutativeand associative. Thus, thebasic belief assignment result ing fromt hecombination of several pieces of infor mation can becomput ed easily by applying

repeatedly theruleand wit hout worrying about the order of combination.

Theconjunctiveand disjunctiverules of combination generalizet heAND and OR operators of set theory. To seeit, consider m 1 and m 2 such that m 1 (A) = 1 and m 2 (B) = 1, what just translates the fact that thefirst pieceof evidencestates for sure that A holds, and thesecond that B holds. If we know that both pieces of evidenceareto be accept ed, then weknow that A Ç B holds (and indeed, m 1 Å m 2 (A Ç B) = 1). If weknow only that at least onepieceof evidenceis to beaccept ed and we do not know which one, then weonly know that

A È B holds (and indeed, m 1 Ú m 2 (A È B) = 1).

3.3 Decisionmaking

Theproblem of decision ma king in thecont ext of theTBM is solved in [11].

TheTBM is based on a two level mental modals:

- The credal level wher ebeliefs areent ertained and repr esent ed by belief functions.

- The pignistic level wher ebeliefs areused to make decisions and repr esent ed by probabilit y functions called the pignist ic probabilit ies.

Thelink bet ween theset wo functions is achieved by the pignistic transfor mation that builds the pignist ic probabilit y function, denot ed BetP, induced by a belief funct ion. It is defined by:

BetP(B) = m(A)

B A

A A

Ç

Í

å

Q

, for all B Ì Q .

4. Decision tree using the belief function theory

In this section, wedetail our decision treealgorit hm based on thebelief function theor y. First, wepresent thedecision treebuilding phase, then the classification phase. Thetwo phases will be illustrated by exa mples in order to understand their unfolding.

4.1 Decisiontree building phase

In this part, wedefinethemain paramet ers of a decision treewit hin t hebelief function framework, then wepr esent our algorit hmfor building such decision trees.

Definitionofdecisiontree parameters:

Our algorithmfor building decision trees using the theory of belief funct ions is based on an ext ension of theID3 algorit hm[4] whiletaking into account the uncertaint y of someparamet ers relat ed to the classification problem. Thus, several differ ences will benot ed in thedefinit ion of thehypot heses on these paramet ers and consequent ly in their treatment.

First, wehaveto definet hestructureof thetraining set under this uncertain framewor k. This set is generally composed of elements represent ed as pairs

(attributes, class) wherefor each example, weknow exactly thevalueof each oneof its attributes and also its assigned class which is unique.

Unliket hestandard training set, weassumethat it ma y contain data wher et hereis someuncertainty in theknowledgeof theclasses. In other wor ds, each class of thetraining exa mplema y beuncertain or even unknown, wher eas thevalues of theattributes characterizing each training exa mpleareknown wit h certainty. Generalizing by accepting also uncertaint y in theattributes’ values is under development.

Weproposeto repr esent theuncertaint y on the classes of any training exa mpleby a basic belief assignment defined on theset of classes relat ed to theproblem. This bba, generally given by an expert, represents theopinions-beliefs of this expert about theactual valueof theclass for each casein the training set.

Among t headvantages of working under thebelief funct ion framework, wenoticethat thetwo extreme cases, total ignoranceand total knowledge, are easily expr essed:

- When wedo not haveany infor mation about the classes of the exa mple, the bba will bethevacuous belief funct ion defined by:

m( Q ) = 1 and m(C) = 0 for C Ì Q .

- When theclass of the exa mpleis perfectly known, it will berepresent ed by thebelief function:

m( C i ) = 1 and m(C) = 0 for all C ¹ C i , C Í Q , wher e

C i is a singular class.

Thelatt er casecorresponds to theclassical "certain" cont ext.

Oncet hestructureof thetraining set is described, thesecond important paramet er to definein our algorit hmis theattributeselection measurethat will beused to find theappropriatetest attributeat each decision nodein thetr ee.

This measureenables us to quant ify thepower of discrimination of each attributerelatively to each class. It allows opt imizing thetree. In thelit erature and even in practice, oneof theselection measures most commonly applied in decision trees is the infor mation gain crit erion of Quinlan [4] [7].

Wit hin our structureof thetraining set, wedevelop an attributeselect ion measurebased on thegain criterion ableto ha ndlet heuncertaint y using the belief funct ion framewor k.

Let Bel j bethebelief funct ion defined on theset of possibleclasses. It represents thebeliefs held by the expert about theactual valueof theclass to which an object I j belongs.

Supposea subset S of objects in thetraining set, and supposeweselect randomly oneobject in S with equi-probability (generalization to moreelaborated sampling schema is immediat e). Thebelief function that represents our beliefs about theactual class to which this randomly select ed individual belongs to is theaveragebelief function taken over theobject in

S.

Bel (C) =

Bel (C)

S S

j

I in S j

å for any C subsets of Q ={C 1 , � C n }.

Not ethat the bba and the pignistic probabilities relat ed to this averagebelief function are respectively equal to theaverageof thebasic belief assignments and the pignistic probabilit ies of the objects in S. For any C subsets of Q , m (C) =

m (C)

S S

j

I in S j

å

BetP (C) =

BetP (C)

S S

j

I in S j

å

Weproposethefollowing st eps to build thetree:

1. Comput etheaverage pignistic probabilit y funct ion BetP T taken over thetraining set T. Then comput etheentropy of theclass distribution in T.

This valueInfo(T) is equal to:

Info(T) = - BetP (C )log BeP (C )

T i 2 T i i 1

n

=

å

Comput etheinfor mation gain provided by each attributeA as:

Gain(T, A) = Info(T) - Info A (T).

2. Our task is at first to define Info A (T) for each attribute. Theidea is to apply thesa meprocedur eas in thecomputation of Info(T), but restricting ourselves to theset of objects that sharethesame valuefor theattributeA and averaging these conditional infor mation measures.

For each attributevaluea m , webuild thesubset T m ma deof thecases in T whosevaluefor theattribute is a m . Wecomput etheaveragebelief function

Bel T m , then apply the pignistic transfor mation to it in order to comput ethe pignistic probability BetP T m .

Fromit, wecomput eInfo(T m ) wher eT m represents thetraining subset when t hevalueof t heattributeA is equal to a m .

3. Info A (T) will beequal to theweighed sumof the differ ent Info(T m ) relativet o theconsider ed attribute. TheseInfo(T m ) will beweight ed by the proportion of each attributevaluein t hetraining set.

Info (T) =

T

T

Info(T ) A

m m m = 1

k å

= å å -

T

T

BetP (C ). log BetP (C ) m

T i 2 T i i = 1

n m = 1

k m m

4. Oncethediffer ent attributeinformation ga ins are comput ed, wechoosetheattributewith thehighest valueof theinformation ga in.

In addition to theattributeselection measure, two ot her major paramet ers haveto bedefined:

- Thepartitioning strategy : Sincewedea l wit h symbolic attributes, it simply consists in cr eating an edgefor each attributevalue.

- Thestopping crit erion: It allows to stop the development of a path and to declarethenodeas a leaf. That is, it det er mines whet her or not a training subset should befurther divided. For our algorit hm, weproposeas a stopping crit erion t hefollowing alternatives:

1. If thetreated nodeincludes only oneobject, then thenodeis declared as a leaf characterized by the same bba of this object which is already defined in thetraining set.

2. If ther eis no further attributefor testing or if the gain crit erion for therema ining attributes is less than zero, then thenodeis a leaf wher eits bba will bethe result of conjunctivecombination of theobjects’ bba

belonging to thesa meleaf by applying Dempst er’s rule.

Thechoiceof theconjunctiveruleis based on the idea that ever y object in a leaf belongs to thesa me class. So in t hesimplified casewher ether eareonly two objects in a leaf and all weknow is that oneis A or B and theother B or C, then wecan concludethat theobjects of that leaf areB’s, hencet heconjunct ive rule.

Unliket hestandard decision treewher e each leaf is labeled by a uniqueclass, our method assigns to each leaf a bba expressing themass of beliefs on the differ ent classes of theframeof discernment.

Decisiontree building algorithm:

Let T bea training set composed by objects characterized by l symbolic attributes (A 1 , A 2 ,�, A l ) and that ma y belong to theset of classes Q = {C 1 ,

C 2 ,�, C n }. For each object I j (j = 1.. p) of the training set will correspond a basic belief assignment expr essing thequantit y of beliefs exactly committ ed to thesubsets of classes.

Our algorithmwhich uses a Top-Down Induction of

Decision Trees (TDIDT) approach, will ha vethe sameskeleton as an ID3 algorithm[4]. Their steps aredescribed as follows:

1. Generatetheroot nodeof thedecision tree including all theobjects of thetraining set.

2. Verify if this nodesatisfies or not thestopping criterion:

· If yes, declareit as a leaf nodeand comput e its corresponding bba as wement ioned in the last section.

· If not, look for theattributehaving the highest infor mation gain. This attributewill be designed as theroot of thedecision treer elat ed to thewholetraining set.

3. Apply thepartitioning strategy by developing an edgefor each attributevaluechosen as a root. This partition lea ds to several training subsets.

4. Repeat thesameprocess for each training subset fromthest ep 2 whileverifying thestopping criterion. If this latter is satisfied, declarethenodeas a leaf and comput eits assigned bba, elserepeat the sameprocess.

5. Stop when all thenodes of t helatter level of the treeareleaves.

Wehavet o mention that weget thesa meresults as

ID3 if all the bba are’certain’. That is when t heclass assigned for each training exa mpleis uniqueand known wit h certainty.

Example 1:

Now, wepresent a simple exa mpleillustrating our decision treebuilding algorit hmwit hin a belief funct ion framework.

Let T bea small training set (seetable1). It is composed of fiveobjects characterized by thr ee symbolic attributes defined as following:

Eyes ={Brown, Blue}; Hair = {Dark, Blond};

Height = {Short, Tall}

As wework in a supervised learning cont ext, the possibleclasses arealready known. Wedenot ethem by C 1 , C 2 and C 3 .

For each object I j (j = 1..5) belonging to thetraining set T, weassign a bba m j expr essing our beliefs on its actual class. Thesefunctions aredefined on the sameframeof discer nment Q = {C 1 , C 2 , C 3 }.

Table1: Training set T

I j Eyes Hair Height Classes

I 1 Brown Dark Short m 1

I 2 Brown Dark Tall m 2

I 3 Blue Blond Tall m 3

I 4 Blue Dark Tall m 4

I 5 Blue Dark Short m 5 wher e m 1 (C 1 ) = 0.3; m 1 (C 1 È C 2 ) = 0.4; m 1 ( Q ) = 0.3;

m 2 (C 2 ) = 0.5; m 2 (C 1 È C 2 ) = 0.2; m 2 ( Q ) = 0.3;

m 3 (C 1 ) = 0.8; m 3 ( Q ) = 0.2;

m 4 (C 2 ) = 0.1; m 4 (C 3 ) = 0.3; m 4 (C 2 È C 3 ) = 0.2;

m 4 ( Q ) = 0.4;

m 5 (C 2 ) = 0.7; m 5 ( Q ) = 0.3;

In order to find theroot relativeto thedecision tree, wehaveto comput etheaveragebelief function Bel T relat ed to thewholetraining set T. Bel T and its corresponding bba m T arepresent ed in thefollowing table(seetable2):

Table2: Computation of Bel T and m T

C 1 C 2 C 3 C 1 C 2 C 1 C 3 C 2 C 3

Bel T 0 0.22 0.26 0.06 0.6 0.28 0.36 1

m T 0 0.22 0.26 0.06 0.12 0 0.04 0.3

The pignistic transfor mation of m T gives as results:

BetP T (C 1 ) = 0.38; BetP T (C 2 ) = 0.44; BetP T (C 3 ) =

0.18;

Hence

Info(T) = - BetP (C )log BeP (C ) 1.496 T i 2 T i

i 1

3

= å =

Oncet heentropy relat ed to thewholeset T is

calculat ed, thesecond st ep is to find theinfor mation

gain of each attributein order to choosetheroot of

thedecision tree.

Let’s illustratethecomputation for theeyeattribute.

Let Bel T br betheaveragebelief function relativet o

theobjects belonging to T and having brown eyes

wher eas, Bel T bl for theones having blueeyes. m T br

,

m T b l

, BetP T br and BetP T bl arerespectively the bba and

the pignistic probabilit y relativet o thevalues brown

and blueof theeyes (seetable3 and table4).

Table3: Computation of Bel T br

, m T br

, Bel T b l

, m T bl

C 1 C 2 C 3 C 1 C 2 C 1 C 3 C 2 C 3

Bel T br

0 0.15 0.25 0 0.7 0.15 0.25 1

m T br

0 0.15 0.25 0 0.3 0 0 0.3

Bel

T bl

0 0.27 0.27 0.1 0.54 0.37 0.43 1

m T bl

0 0.27 0.27 0.1 0 0 0.06 0.3

Table4: Computation of BetP T br

, BetP T bl

C 1 C 2 C 3

BetP

T br

0.4 0.5 0.1

BetP

T bl

0.37 0.4 0.23

Info (T) = - 2

5

BetP (C ) . log BetP (C ) -

3

5

BetP (C ) . log BetP (C ) = 1.4732 eyes T i

i 1

3

2 T i

T i

i 1

3

2 T i br br

bl bl

=

= å

å

Thus Gain(T, Eyes) = Info(T) - Info eyes

(T) = 0.0228;

By similar analysis for thehair and height attributes,

weget :

Gain(T, Hair)= 0.1876; Gain(T, Height) = 0.0316;

According t o thegain crit erion, thehair attributewill

bechosen as theroot of thedecision treeand

branches arecreated below t heroot for each of its

possiblevalue(Dark, Blond).

So, weget thefollowing decision tree(seefigur e1):

Figur e1: First generated decision tree

Wenoticethat thetraining subset T blo contains only

one exa mple, thus thestopping crit erion is satisfied.

Thenoder elativet o T blo is ther eforedeclared as a

leaf defined by the bba m 3 of the exa mpleI 3 .

For thesubset T da , weapply thesameprocess as we

did for T until thest opping crit erion holds.

Thefinal decision treeinduced by our algorithmis

given by (seefigure2):

Figur e2: Thefinal decision tree

4.2 Case’s classification

Oncet hedecision treeis constructed, thefollowing

phasewill betheclassification of unseen exa mples

referring to as new objects.

On onehand, our algorithmis ableto ensur ethe

standard classification wher etheunseen exa mple

attributevalues areassumed to becertain.

As in an ordinary tree, it consists on starting from

theroot nodea nd repeat ing to t est theattributeat

each nodeby taking into account theattributevalue

until reaching a leaf.

Contrary to theclassical decision treewher ea

uniqueclass is attached to t heleaf, in our decision

tree, theunseen exa mpleclasses will bedefined by a

basic belief assignment relat ed to thereached leaf.

In order to makea decision and to get theprobability

of each singular class, weproposeto apply t he

pignist ic transformation to thebasic belief

assignment related to t hereached leaf, and to use

this probabilit y distribution to comput ethe expect ed

utilities r equir ed for optima l decision making.

On theother ha nd, as wedeal with an uncertain

cont ext, our classification met hod allows also

classifying unseen exa mples characterized by

uncertaint y in thevalues of their attributes.

In our met hod, weassumethat new exa mples to

classify arenot only described by certain attribute

values but may also becharacterized by mea ns of

disjunct ion values for someattributes. They ma y

even haveattributes with unknown values.

Theidea to classify such objects is to look for the

leaves t hat thegiven exa mplemay belong by tracing

out all thepossiblepaths induced by thediffer ent

attributevalues. In thecaseof unknown values, all

thebranches relativeto theconsider ed attributewill

betaken int o account.

As a consequence, theunseen new exa mplema y

belong to many lea ves where each oneis

characterized by a basic belief assignment funct ion.

These bba must becombined in order to get beliefs

on the exa mple’s classes. Thedisjunctiveruleof

combination developed by S mets [10] seems

offer ing a suitablecont ext sinceit supposes that at

least onepath is true.

Indeed consider thesimplified casewher ether eare

two lea ves in which thenew object can belong, and

all objects in leaf 1 areA’s, and all thosein leaf 2 are

B’s. Then all wecan concludeis that thenew object

is A or B, hencet hedisjunctiverule.

Theinduced bba fromthedisjunct iverulecan be

transfor med into a probabilit y funct ion by applying

the pignistic transfor mation. This allows knowing

theprobabilit y that thenew exa mplebelongs to each

singular class of thegiven problem.

Example 2:

Let’s continue exa mple1 and assumet hat an unseen

exa mpleis characterized by:

Hair = Dark; Eyes = Blueor Brown; Height = Tall.

Using t hedecision tree(seefigure2) relativet o the

training set T, gives us two possiblelea ves for this

case:

- Thefirst leaf characterized by m 2 as a b.p.a. This

leaf is induced by t hepath corresponding to dark

hair, brown eyes and tall as height.

Hair

T da :

I 1 , I 2 , I 4 , I 5

T bl o :

I 3

Dark Blond

Hair

Eyes m 3

Dark Blond

Brown Blue

Height

Height

m 2

Tall Tall

Short Short

m 1 m 4 m 5

- Thesecond is theonecorresponding to t hepath

defined by dark hair, blueeyes and tall as height.

This leaf is labeled by the b.p.a m 4

By applying thedisjunctiveruleof combination, we

get m 24 = m 2 Ú m 4 defined by:

m 24 (C 2 ) = 0.05; m 24 (C 1 È C 2 ) = 0.02; m 24 (C 2 È C 3 ) =

0.25; m 24 ( Q ) = 0.68;

Thus, theunseen exa mpleclasses aredescribed by

m 24 . Applying the pignistic transfor mation on m 24 gives us:

BetP 24 (C 1 ) = 0.24; BetP 24 (C 2 ) = 0.41; BetP 24 (C 3 ) =

0.35;

It seems t hat themost probableclass for this

exa mpleto belong is C 2 wit h theprobabilit y of 0.41.

5 Conclusion

In this paper, weproposean algorit hmto generatea

decision treeunder uncertainty within thebelief

funct ion framework.

Theint er est of theTBM appears essentially in its

abilit y to copewit h partial ignorance, and at the

level of thelea ves conjunctiveand disjunctiverules

can beused in a coher ent wa y as they provide

conjunct iveand disjunct iveaggregation rules.

First, wehaveint er est ed to thedecision treebuilding

phaseby taking into consideration theuncertaint y

characterized theclasses of thetraining exa mples.

Next, wehaveensured theclassification task of new

exa mples wheresomeof their attributevalues are

assumed to beuncertain.

Either in thedecision treebuilding task or in the

classification task, theuncertaint y is handled wit hin

thetheor y of belief functions which presents a

convenient framewor k for coping wit h lack of

infor mation.

Our futureresearches aims at ext ending this met hod

in order to treat moreuncertaint y especially those

held in theattributevalues.

References

[1] L. Breima n, J. H. Friedma n, R. A. Olshen, C.

J. Stone" C lassificationa nd r egr ession trees"

Mont erey, CA: Wadsworth & Brooks, 1984.

[2] T. Denoeux "R easoning wit h imprecisebelief

structures" Int er national Journal of

Approximat eReasoning 20, pp 79-111, 1999.

[3] R. Lopez De Mantaras "A distance-based

attributeselection measurefor decision tree

induction" Machinelearning 6, pp 81-92,

1991.

[4] J. R. Quinlan "Induct ion of decision trees"

MachineLearning 1, pp 81-106, 1986.

[5] J. R. Quinlan "Decision trees as probabilist ic

classifiers" Proceedings of theFourth

Int ernational Workshop on Machine

Learning, pp 31-37, June22-25, 1987.

[6] J. R. Quinlan "Decision trees and decision

ma king" IEEE Transactions on Syst ems, Man

and Cyber natics, Vol 20 N°2, pp 339-346

March/April, 1990.

[7] J. R. Quinlan "C4.5: Programs for machine

learning" Morgan Kaufmann, San Mateo, Ca,

1993.

[8] G. Shafer "A mathemat ical theor y of

evidence", Princet on Universit y Press,

Princet on NJ, 1976.

[9] P. Smets "Thecombination of evidencein t he

TransferableBelief Model" IEEE

Transactions on Pattern Analysis and

MachineInt elligence12, pp 321-344, 1990.

[10] P. Smets "Belief funct ions : th edisjunctive

ruleof combination and thegeneralized

bayesian theor em" Int er national Journa l of

Approximat eReasoning 9, pp 1-35, 1993.

[11] P. Smets, R. Kennes "ThetransferableBelief

Model "Artificial Int elligence Vol 66, pp 191-

234, 1994 .

[12] P. Smets "TheTransferableBelief Model for

Quantified Belief R epresentation." D.M.

Gabbay and Ph. Smets (eds.), Handbook of

DefeasibleReasoning and Uncertainty

Management Syst ems, Vol. 1, Kluwer,

Doordr echt, 1998, pp 267-301.

[13] P. Smets "TheApplication of theTransferable

Belief Model to Dia gnostic Problems." Int. J.

Int elligent Syst ems, 13, pp 127-158, 1998.

[14] P. E. Utgoff "Incr emental induction of

decision trees" MachineLearning, 4, pp 161-

186, 1989.