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Abstract 

Decision tree induction is one of useful approaches for ex- 
tracting classification knowledge from a set of feature-based 
examples. Due to observation error, uncertainty, subjective 
judgement, and so on, many data occurring in real world are 
obtained in fuzzy description. Although several fuzzy deci- 
sion tree induction methods have been developed for fuzzy 
data, they are improper to deal with some types of fuzzy data. 
This paper proposes a fuzzy decision tree induction method 
for fuzzy data of which numeric attributes are represented by 
fuzzy number, interval value as well as crisp value, of which 
nominal attributes are represented by crisp nominal value, 
and of which class has confidence factor. It presents a tree 
construction procedure to build a fuzzy decision tree from a 
collection of fuzzy data and an inference procedure for fuzzy 
decision tree to classify new fuzzy data. It also presents some 
experiment results to show the applicability of the proposed 
method.' 

1. Introduction 

Decision tree induction has been widely used in extract- 
ing knowledge from feature-based examples for classification 
and decision making[ 11. Many methods have been developed 
to construct decision trees from collection of data. Due to ob- 
servation error, uncertainty, subjective judgement, and so on, 
many data occurring in real world are obtained in fuzzy de- 
scription. In the classification field, some fuzzy decision tree 
induction methods are required to deal with such fuzzy data. 
In the literature, we can find several fuzzy decision tree in- 
duction methods which produce some fuzzy decision tree to 
handle some aspect of fuzziness of data[2,3,4,8,10,12]. Ac- 
cording to the type of training data, they can be classified 
into two categories as follows: One is the induction meth- 
ods which construct fuzzy decision tree from a collection of 
crisp data. Their decision trees use fuzzy linguistic terms to 
improve generalization property. The use of fuzzy linguis- 
tic terms makes it possible to avoid sudden and inappropriate 
class changes by small changes in the attribute values of data 
being classified. The other is the induction methods which 
construct fuzzy decision trees from a collection of fuzzy data. 
The researches on fuzzy decision tree induction for fuzzy data 
have not yet sufficiently performed. The existing induction 
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methods are improper to deal with some types of fuzzy data. 
We are interested in fuzzy decision decision tree induction for 
fuzzy data, not yet studied, of which numeric attributes are 
represented by fuzzy number, interval value as well as crisp 
value, of which nominal attributes are represented by crisp 
nominal value, and of which class has confidence factor. 

This paper is concerned with a fuzzy decision tree induc- 
tion method for such fuzzy data. It proposes a tree-building 
procedure to construct fuzzy decision tree from a collection 
of fuzzy data and an inference procedure for fuzzy decision 
tree to determine class of new data. 

This paper is organized as follows: Section 2 briefly in- 
troduces data representation considered in this study. Section 
3 surveys several existing fuzzy decision trees and presents 
the characteristics of the fuzzy decision tree to be considered 
in this study. Section 4 presents the proposed fuzzy decision 
tree building procedure and inference procedure for classifi- 
cation. Section 5 shows some experiment results and finally 
Section 6 draws conclusions. 

2. Data Representation 

A data Di of an object or an event is represented with a set 
of attributes describing the object like this: Here A; denotes 
the i-th attribute for the object. 

Di =(Aj ,A$ ,  ..., A:) 
Some attributes have discrete nominal domain, and others 

have continuous numeric domain. In this study, we assume 
that discrete nominal domain attributes are characterized by 
crisp values and continuous numeric domain attributes are 
characterized by crisp values, interval values and fuzzy num- 
bers. In the case of training data, each data has the class in- 
formation along with its confidence degree. 

In description of fuzzy values for continuous numeric at- 
tributes, trapezoidal fuzzy numbers are widely used since 
they can sufficiently well represent fuzzy values and they are 
simple to describe and process[ 141. Trapezoidal fuzzy num- 
bers Trup(a, P, ~ , 6 )  are defined as follows: 

ifx < a 
if a 5 x 5 /3 

Trap(a,P, ?,a) = 1 ifp 5 x 5 7 
if 7 5 t 5 6 i: ifx > 6 

(z -a)/@ - a) 

(t - 6)/(7 - 6) 

In this study we assume that trapezoidal fuzzy numbers 
are used to represent fuzzy values. Under this assumption, 
all continuous numeric attribute values are represented with 
trapezoidal fuzzy numbers as follows[ 141: 
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Crisp values 
Interval values 
Fuzzy numbers 

a = Trap(a, a, a, a) 
[a, b] = Trap(a, a, b, b)  
F = Trap(a, b, c, d)  

3. Fuzzy Decision Trees 

Decision trees classify data by sorting them down the tree 
from the root to leaf nodes. As the typical kinds of decision 
tree induction algorithms, there are ID3 and CART[8][13]. 
ID3 is designed to deal with symbolic domain data, and 
CART is designed to deal with continuous numeric domain 
data. A number of alternation of them have been reported in 
the literature. Fuzzy decision trees are one of them. 

In classical decision trees, nodes make a data follow down 
only one branch since data satisfies a branch condition, and 
the data finally arrives at only a leaf node. On the other hand, 
fuzzy decision trees allow data to follow down simultane- 
ously multiple branches of a node with different satisfaction 
degrees ranged on [0,1].[10] To implement these characteris- 
tics, fuzzy decision trees usually use fuzzy linguistic terms to 
specify branch condition of nodes. 

Several fuzzy decision tree construction methods have 
been proposed so far[2][4l[S][lO][l2]. In [11][13], decision 
tree construction methods are incorporated into fuzzy model- 
ing. They use the decision tree building methods to determine 
effective branching attributes and their splitting intervals for 
classification of crisp data. These intervals are then used to 
determine fuzzy boundaries for input variables, which will be 
used to form fuzzy rules. As a matter of fact, they use the 
decision tree construction methods for preprocessing and not 
for building fuzzy decision tree. In [2], the fuzzy decision 
tree construction method is designed for classification prob- 
lem with attributes and classes represented in fuzzy linguistic 
terms, in fact, fuzzy membership function. When it builds 
fuzzy decision trees, it uses predefined fuzzy linguistic terms 
with which the attribute values of training data are fuzzified. 
In [4], a decision tree induction method is proposed to con- 
struct fuzzy decision trees from a collection of crisp data of 
which all attributes are continuous numeric one and their val- 
ues are crisp. In [SI, a decision tree induction method is de- 
veloped to generate fuzzy decision trees which can be used 
for both classification and regression. Its training data may 
contain fuzzy values in somewhat restricted form, but fuzzy 
linguistic terms used in fuzzy decision tree should be pre- 
defined by experts or other preprocessing procedures. Even 
though several fuzzy decision tree induction methods have 
been proposed, they cannot always be applied to all types of 

In this paper, we proposes a fuzzy decision tree induc- 
tion method for data of which discrete nominal attributes have 
crisp value, and of which continuous numeric attributes have 
crisp value, interval value, and fuzzy number. From now on, 
we will use the termfuzzy data to refer to such data. 

The proposed fuzzy decision tree induction method has 
the following properties: First, its training data are fuzzy data 
of which nominal attributes are represented by crisp nom- 

fuzzy data. 

inal value and of which continuous numeric attributes are 
represented by fuzzy number, interval value, or crisp value, 
and of which class is represented by a nominal value with 
confidence degree ranged on the interval [0,1]. Second, the 
decision tree induction method generates fuzzy membership 
functions for continuous numeric attributes on the fly. Thus, 
it is unnecessary to specify fuzzy membership function be- 
fore applying the tree induction method as in [SI. After con- 
structing tree, we may assign descriptive lingwstic terms to 
the generated fuzzy membership functions so as to enhance 
comprehensibility. Third, the tree induction method can con- 
trol the branching factor at will. For this, nodes correspond- 
ing to nominal attribute have sets of nominal values in their 
branches. Figure 1 exemplifies a fuzzy decision tree consid- 
ered in this study. The root node corresponds to nominal 
attribute Job and its branches are labeled with crisp sets of 
attribute values {A,D}, {B}, and {A,C}. Numeric attribute 
nodes like Salary have fuzzy linguistic terms like low and 
high of which membership functions are determined during 
the tree-building process. As we can see in the figure, leaf 
nodes of fuzzy decision trees do not always contain only one 
class label and in addition class membership degree of nodes 
are not always 1. Leaf nodes may have several classes with 
different membership degrees. A data fed into the root node 
may reach multiple leaf nodes. For the final class assignment 
of data, the classification information of all leaf nodes is ag- 
gregated. 

Figure 1: A Fuzzy Decision Tree 

4. The Proposed Fuzzy Decision n e e  
Fuzzy decision tree induction has two major components: 

a procedure for fuzzy decision tree building and an inference 
procedure for decision malung(i.e., class assignment of new 
data). The proposed fuzzy decision tree building procedure 
takes a similar approach to the well-known ID3 algorithm[ 11 
which constructs decision tree by recursive partitioning of 
data set according to the values of selected attribute. It is 
required to develop the following things to apply an ID3- 
like procedure to fuzzy decision tree construction: attribute 
value space partitioning methods, branching attribute selec- 
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tion method, branching test method to determine with what 
degree data follows down branches of a node, and leaf node 
labeling methods to determine classes for which leaf nodes 
stand. This section presents the above mentioned things for 
the proposed fuzzy decision tree building procedure, and an 
inference procedure for class assignment of new data. 

4.1. Attribute Value Space Partitioning 
To avoid the explosive growth of fuzzy decision tree, the 

branching factor of the constructed decision tree should be 
controllable. It means that the fuzzy decision tree building 
procedure should have the ability to partition attribute value 
spaces into any desired number of partitions. The proposed 
fuzzy decision tree building procedure partitions nominal at- 
tribute value spaces with sets of nominal attribute values, and 
continuous numeric attribute value spaces with trapezoidal 
fuzzy numbers. 

For nominal attribute value space partitioning, we intro- 
duce a new concept called classwise element set which is de- 
fined as follows: 

Here CW$(A) denotes the classwise element set for class 
i at node Nk with respect to a nominal attribute A. Dj.A 
is the value of attribute A of data Dj, Dj.class is the class 
to which data Dj belongs, and p ~ ~ ( D j )  is the member- 
ship degree of data Dj to Nk. Suppose that the set of 
pairs (Dj.A, Dj.class) of the attribute value Dj.A and class 
Dj.dass of data arriving at Nk is like this: {(a,l),(b,l), 

For 
the node Nk, the classwise element sets are as follows: 
CWS,k(A) = {a,b,c), CWS,k(A) = {b,c,d), CWS,k(A) = 

The classwise element set CWSt(A)  implies that data 
whose attribute A has a value in CW>(A) at node Nk prob- 
ably belongs to class i. In this perspective, we use class- 
wise element sets CWSF(A) as bases for nominal attribute 
value space partitioning. When the number of classes c 
is not less than the branching factor b of fuzzy decision 
tree, we can consider b"/b! possible partitioning combi- 
nations based on CWSF(A) since it is the same situation 
to divide c elements into b groups. For example, in the 
above, the partitioning combination {CWS,k(A), CWS,k(A)) 
and {CWS,k(A), CWS,k(A)) forms two partitioning sets 
{a, b, c, d }  and {c, d, e} for the value space of attribute A. 
When the branching factor is greater than the number of 
classes, some special treatment is needed. The following is 
the procedure for nominal attribute value space partitioning. 
Procedure for nominal attribute space partitioning 
begin 

tribute. 

C W s t ( A )  = (Dj.AIDj.das8 = i ,  p ~ , ,  (oj) > 0) 

(b,2), (c,l), (c,2), (c,3), (4% (441, (e,3), (e,4)). 

{c, e ) ,  CWS,k(A) = (4 e) 

Find the classwise element sets CWS for the current at- 

if (the size of classes 2 the branching factor) then 
Generate all possible partitioning combinations from 
cws. 
Calculate the information gain for each partitioning 

combination. 
Return the partitioning combination with the largest in- 
formation gain. 

Set the initial partitioning combination with CWS. 
Calculate the impurity measure for each partition. 
do 

else 

Find the most impure partition MC. 
Generate all possible partitioning combinations to 
divide M C  into two partitions. 
Calculate the impurity measure for each partition- 
ing combinations. 
Select the best combination of which partitions 
are different from existing partitions. 
Replace M C  with the two partitions of the best 
partitioning combination. 

until to have b partitions 
Return the final partitioning combination with its infor- 
mation gain. 

en8nd' 

A A B C A  B 

(a) attribute values 

A A A B A  C B C A B  B 

(b) boundary points 

(c) fuzzy partition 

Figure 2: Numeric attribute value space partitioning 

For continuous numeric attribute value space partitioning, 
we use trapezoidal fuzzy numbers to form fuzzy partitions. 
We can make infinitely many number of fuzzy partitioning 
combinations for a numeric attribute value space. In the pro- 
posed fuzzy decision tree induction method, we use the fol- 
lowing strategy to construct fuzzy linguistic terms (i.e., trape- 
zoidal fuzzy numbers) for continuous numeric attribute value 
space. In our study, all continuous numeric attribute values 
can be represented by trapezoidal fuzzy numbers as men- 
tioned in Section 2. Let us see the endpoints(we call it bound- 
ary points) of the supports[l4] of trapezoidal fuzzy num- 
bers to represent attribute values. It is reasonable to locate 
fuzzy partitioning boundaries between adjacent two bound- 
ary points belonging to different classes each other. We take 
this idea in constructing fuzzy linguistic terms for continuous 
numeric attribute value space partitioning. Let us see Figure 
2. Figure 2-(a) shows fuzzy values for a numeric attribute, 
which are represented by their membership functions. Fig- 
ure 2-@) shows boundary points extracted from the supports 
of the fuzzy values. Each boundary point is labeled with the 
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class to which the data with the boundary point belongs. We 
locate fuzzy partitioning boundaries between these boundary 
points. Meanwhile, it is undesirable to locate fuzzy parti- 
tioning boundary between boundary points belonging to the 
same class like between P2 and P3. To alleviate this prob- 
lem, we remove boundary points, like Pz, which appear in- 
side the subsequences of boundary points belonging to the 
same class. If we partition the attribute value space with 
4 fuzzy linguistic terms, we randomly choose 3 boundary 
points as shown in Figure 2-(b) by the upward arrows. Figure 
2-(c) shows fuzzy linguistic terms produced by the selected 
boundary points. The parameters for trapezoidal fuzzy num- 
bers Trap(u, b,  c,  d )  are determined as follows: For example, 
in Figure 2-(c), the second linguistic term is defined by the 
first and the second selected boundary points P4 and P6. The 
parameter a is the boundary point P3 just preceding P4, the 
parameter b is P4, the parameter c is the boundary point Ps 
just preceding P6, and the parameter d is the second selected 
boundary point P6. Thus the second linguistic term is defined 
by Trup(P3, P4, p6, p6). The following shows the procedure 
for continuous numeric attribute value space partitioning. 
Procedure for numeric attribute value space Partitioning 
begin 

Find boundary points of the supports of attribute values. 
Sort the boundary points. 
For the subsequences that contain more than 2 points all 

belonging to the same class, remove its inner boundary 
points from the sorted boundary point list. 

Generate all possible partitioning combinations by selecting 
b - 1 points from the boundary point list. 

Construct b trapezoidal fuzzy numbers for each partitioning 
combination. 

Evaluate the information gain for each trapezoidal fuzzy 
number set. 

Return the trapezoidal fuzzy number set with the largest in- 
formation gain. 

end. 

4.2. Selection of Branching Attribute 

It is desirable to build smaller tree in decision tree induc- 
tion. The size of decision trees mainly depends on which at- 
tribute is selected for node branching in tree-building process. 
The attribute to be used for branching is called as branch- 
ing attribute. To measure the quality of attributes as branch- 
ing attribute, several measures have been developed[ 13. The 
typical measures are the entropy measure, the gini index, U- 
uncertainty measure, and so on. In this study, we employ the 
entropy measure to measure the impurity of data set. The 
larger value the entropy measure gives, the more impure the 
data set is. Thus such measure is also called as the impurity 
measure. We prefer an attribute that generates less impure 
data sets in child nodes. The preference of attributes can be 
quantified by the measure called the information gain which 
is derived from the impurity measure. 

Let Sk be a collection of data arrived at the node Nk: 
s k  = { ( z ,p sh( z ) ) l z  E U} Here, x denotes a data and p s h ( z )  
denotes the membership degree of x to sk.  The entropy 
Entropy(&) of sk is defined as follows: 

' i h  = C z . e l a J s = i , z ~ S u p p ( S h ~  psh (z) csh = xi c $ h  

C' qSb = Entropy(Sk) = - Ci Pi" log, Pish 
csh 

The entropy measure is used to calculate the information 
gain which reflects the quality of an attribute as the branch- 
ing attribute. As shown in Figure 3, let Si'" be a fuzzy 
subset of Sk such that $ I A  = { ( z , p s ~ i ~ ( z ) ) 1 ~ ~ ~ i ~ ( z )  = 

f(ps,(z), M(z.A,  v ) ) ,  z E szCpp(sk)}. Here A denotes the 
branching attribute, and branching label v is either an element 
set for nominal attribute A or a trapezoidal fuzzy number for 
numeric attribute A. M ( z . A , v )  denotes the matching degree 
of attribute A value of x to branching label U, and f(., -) is an 
aggregation function implemented by T-norm operators[ 141 
like minimum, multiplication operation, etc. The entropy for 

~ Y l - 4  ~ ~ 1 - 4  
S;'" is calculated like this: 

Entropy($IA) = -Z ip i  h logzp, 
The information gain of atkibute A for data set s k  is de- 

fined as follows: 

Gain(&,A) = Entropy(Sk) - 
VIA 

- ICs' I Entrqpy(SltA) 
uEl te rm(A)  IC&, I 

As the information gain increases, the impurity of child 
nodes decreases. Thus the attribute that leads to the largest 
information gain, is selected as the branching attribute. 

Figure 3: Numeric attribute value space partitioning 

4.3. Branching Test At Each Branch 

In our fuzzy decision trees, branches are labeled by either 
an element set for nominal attribute or a trapezoidal fuzzy 
number for numeric attribute. When a data follows down 
a branch, data is compared with the branch label to evalu- 
ate matching degree. For the evaluation of matching degree 
M (., .) , the following matching measures are used: 

In the case of numeric attributes, when attribute value F 
is either an interval value or a fuzzy number, and its corre- 
sponding branch label is a trapezoidal fuzzy number L, the 
matching degree M(F,  L)is evaluated like this: 

P F n L  ( z ) d Z  M ( F ,  L) = s ILF ( z ) d z  
When attribute value is a crisp numeric value c, the match- 

ing degree M ( c ,  L)  is defined by the membership degree of c 
to trapezoidal fuzzy number L like this: 

M(c ,  L )  = P d C )  
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In the case of nominal attributes, the matching degree 
M ( L ,  n) is determined by whether nominal attribute value n 
belongs to the label element set L like this: 

1 i f n E L  
0 otherwise M(L,n )  = 

4.4. Leaf Node Labeling 
In our fuzzy decision trees, leaf nodes may represent mul- 

tiple classes with different membership degrees. The pro- 
posed fuzzy decision tree building procedure uses the follow- 
ing class labeling method for leaf nodes: Let Sk be the data 
set arriving at node Nk and p s h  (z) be the membership degree 
of data z to the set Sk. For each class c, we accumulate the 
membership degrees of data belonging to class c at node Nk 
as follows: 

' fv, = CzESupp(Sb),z.elaSS=c psb 
The class label CL(Nk) of leaf node Nk is assigned by 

the normalized representation degree K N ~  (c) of node Nk for 
class c as follows: 

CL(Nk) = {(c,KPf~,(c))Ic E c} 

4.5. Procedure for Fuzzy Decision Tree Construction 
The following shows the proposedprocedure for fuzzy de- 

cision tree construction. In Step l, we can control some pa- 
rameters such as data threshold, branching factor, and maxi- 
mally allowed impurity degree. The data threshold is used to 
ignore data whose membership degree is less than the thresh- 
old value in the course of tree-building. The branching fac- 
tor is the maximum number of child nodes allowed for each 
node. The maximally allowed impurity degree is the quality 
of node at which no more node branching is needed. 

Procedure for Fuzzy Decision Tree Construction 
begin 

step 1. Set parameters for data threshold, branching factor, 
maximally allowed impurity degree. 

step 2. Place the initial data set on the root node and set the 
membership degree of each data to its class confidence 
degree. 

step 3. For each nominal attribute unused so far from the 
root to the current node, apply the nominal attribute 
value space partitioning procedure to determine the 
best partition for the nominal attribute. 

step 4. For each numeric attribute unused so far from the 
root to the current node, apply the continuous numeric 
attribute value space partitioning procedure to deter- 
mine the best partition for the numeric attribute. 

step 5. Select the best attribute among all considered nom- 
inal and numeric attributes. 

Step 6. Make child nodes according to the partition by the 
selected attribute. 

step 7. Partition the current data set into some data subsets 
in reference to the branch labels and deliver the parti- 
tioned data subsets into its corresponding child nodes. 

step 8. To each newly generated child node, apply steps 3-8 
if all attributes have not yet been used and the impu- 
rity degree of the node is greater than the maximally 
allowed impurity degree. 

end. 

4.6. Inference Procedure for Decision Making 

Once a fuzzy decision tree is built for some training data 
set, the tree can be used to classify new data. To determine 
the class of new data, fuzzy decision tree performs a kind 
of inference as follows: New data is fed into the root node 
with its initial membership degree 1. Whenever a node Nk 
receives a data z, it evaluates the matching degree M ( z . A ,  v )  
of the data attribute value z.A to be tested with its branch 
labels TJ. The membership degree of data x to each child node 
is then calculated by f ( p ~ ~  (z), M ( z . A ,  v ) ,  where (2) is 
the membership degree of data z to node Nk,  and f (-, .) is a T- 
norm operator[ 141. When the calculated membership degree 
is greater than the pre-specified data threshold, it passes the 
data into the corresponding child node with the membership 
degree. When data attribute value is missing for attribute to be 
tested, it passes the data into all its child nodes by assuming 
that the data is perfectly matched with branch labels to be 
tested. 

In fuzzy decision trees, data fed into the root node may 
arrive at several leaf nodes and leaf nodes are usually labeled 
by multiple classes with different membership degrees. So 
as to assign class to new data, we use the following method: 
Here IEN, (c) is the representation degree of node Nk for class 
c, p s b  (z) is the membership degree of data z to SI, which is 
the set of data arriving at leaf node Nk, and cf(z, c) is the 
confidence degree with which data z belongs to class c. 

K ( z ,  i, = E N h  Eleaf nodes IENk ( 2 )  psh 
cf(z,c> = iig$y$q 

5. Experiments 
To show the applicability of the proposed fuzzy decision 

tree, we performed several experiments. The following shows 
one experiment result. Table 1 shows the training data set of 
which data has two numeric attributes. [a, b] indicates the in- 
terval value ranged from a to b, and Trap(a, b, c, d )  indicates 
a trapezoidal fuzzy number. Each training data is assumed to 
have its class confidence degree 1. 

For the training data of Table 1, the proposed tree con- 
truction procedure generated the fuzzy decision tree shown 
in Figure 4. In the figure, trapezoidal fuzzy numbers corre- 
spond to fuzzy linguistic terms for branches and the fuzzy 
sets of leaf nodes describe the confidence degree with which 
data arriving at leaf node belongs to classes. 

The following shows the classification results for some 
data by the built fuzzy decision tree. 

data : (Trap( 1.0,1.2,1.4,1.6), Trap( 1.0,1.2,1.4,1.6)) 

data : (Trap(4.2,4.6,5.3,6.0), Trap( 3.0,3.2,3.4,3.6)) 
+class : (1,1.0),(2,0.46),(3,0.0),(4,0.0) 
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ID 
1 
2 

[ 1 .o, 1.21 [3.0,3.3] 

4 2 

attribute 1 attribute 2 class 
0 [0.0,0.5] 1 
0 2 1 

8 
+ class : (1,0.07),(2,0.12),(3,0.0),(4,1.0) 

+ class : (1,0.52),(2,1.0),(3,0.41),(4,0.41) 
data : (Trap(3.6,3.9,4.2,5.0),Trap(2.0,2.2,3.1,3.2)) 

We can see that the built fuzzy decision tree and classifi- 
cation results for new data are consistent with our intuition. 

6. Conclusions 
This paper proposed a fuzzy decision tree induction 

method for fuzzy data. The proposed fuzzy decision tree in- 
duction method can be applied to fuzzy data whose nomi- 
nal attributes are represented by crisp value and continuous 
numeric attributes are represented by fuzzy number, fuzzy 
interval, and crisp value, and of which class is represented 
by a nominal value with confidence degree ranged on the in- 
terval [O, 11. The decision tree-building procedure generates 
trapezoidal fuzzy numbers for continuous attributes during its 
process. Thus, it is unnecessary to predetermine trapezoidal 
fuzzy numbers before applying the tree-building procedure. 
After constructing a decison tree, we can assign descriptive 
linguistic terms to generated trapezoidal fuzzy numbers so as 
to enhance its comprehensibility. In the tree-building proce- 
dure, we can control tree branching factor at will. In addition, 
we introduce a method for nominal attribute value space par- 
titioning, The proposed inference procedure allows data with 

missing attribute value to be classified by fuzzy decision tree. 
From the experiments, we have observed that the proposed 
fuzzy decision tree induction method produces meaningful 
results. In this study, we have not yet considered the tree 
node pruning for the purpose of generalization. Some more 
studies are still needed for this subject. 
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