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GENERATING FUZZY DECISION TREES BASED ON A NEW HEURISTIC
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The induction of fuzzy decision trees is an important way of acquiring
imprecise knowledge automatically. Fuzzy ID3 and its variants are popular
and efficient methods of making fuzzy decision trees from a group of
training examples. This paper presents a new algorithm for generating
Suzzy decision trees. Distinguished from Fuzzy ID3, this new algorithm
takes the maximum variance as the heuristic.

The induction of decision trees is an efficient way of learning from examples([1]). Many methods
have been developed for constructing decision trees([2]) and these methods are very useful in
building knowledge-based expert systems. The cognitive uncertainty such as vagueness and
ambiguity has been incorporated into the knowledge induction process by using fuzzy decision
trees([3]). Fuzzy ID3 algorithm and its variants([3,4,5,6,7]) are popular and efficient methods of
making fuzzy decision trees. The fuzzy ID3 can generate fuzzy decision trees without much
computation. It has the great matching speed and is especially suitable for large-scale learning
problems.

Consider a directed tree where each edge of the tree links two nodes, the initial node and the
terminal node. The former is called the fathemode of the latter while the latter is said to be the
sonnode of the former. The node having not its fathernode is the root whereas the nodes having -
not any sonnodes are called leaves.

A decision tree is a kind of directed tree. The induction of decision trees is an important way of
inductive learning. It has two key aspects, training and matching. The former is a process of
constructing trees from a training set which is a collection of objects whose classes are known,
while the latter is a process of judging classification for unknown cases. ID3 is a typical algorithm
for generating decision trees([1]).
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A fuzzy decision tree is a generalization of the crisp case. Before giving the heuristic, we explain
some symbols. Throughout this paper, X is supposed to be a given finite set, F(X) is the family of
all fuzzy subsets defined on X , and the cardinality measure of a fuzzy subset, A, is defined by
M(A)=)" _ A(x) (The membership of a fuzzy subset is denoted by itself).

There are many methods of representing fuzzy decision trees. In essential, the representation in
this paper is as the same as in the article[3] where the fuzzy decision tree is regarded as fuzzy
partitioning. The training strategy is to use a heuristic to accomplish its search. The general
matching strategy of fuzzy decision trees is described as follows.

(a) Matching starts from the root and ends in a leaf along the branch of the maximum
membership. (b) If the maximum membership at the node is not unique, matching proceeds

along several branches. (c) The decision with maximum degree of truth is assigned to the
matching result.

There are two key points in the process of constructing fuzzy decision trees. One is the selection
of expanded attributes. They are such attributes that according to values of attributes (which are
fuzzy subsets) trees are expanded at the nodes considered i.e. sonnodes of the nodes are generated.
The other is the judgment on leaves. Nodes are usually regarded as leaves if the relative frequency
of one class is greater than or equal to a given threshold value.

Learning algorithms typically use heuristic to guide their search. A general learning algorithm for
generating fuzzy decision trees can described as follows.

Consider the whole training set which is regarded as the first candidate node.

WHILE there exist candidate nodes

DO select one using the search strategy; if the selected one is not a leaf, then generate its
sonnodes by selecting the expanded attribute using a heuristic. These sonnodes are
regarded as new candidate nodes.

From existing references, two powerful heuristics guiding the selection of expanded attributes in
the fuzzy decision tree generation can be found. One, called Fuzzy-ID3, is based on minimum
fuzzy entropy({4,5,7]) whereas the other is based on the reduction of classification ambiguity([3 ).
The latter is a variant of the former. These two heuristics are briefly described as follows.

Let there be N training examples and n attributes A‘”,---, 4®. For each k(1< k <n), the
attribute A takes m, values of fuzzy subsets, A™,---, AL For simplicity, the fuzzy
classification is considered to be two fuzzy subsets, denoted by P and N respectively. For each
attribute value (fuzzy subset), A (1<k<n 1<i< m, ), its relative frequencies concerning P
and N are

p® = M(A® A P)/ M(A™) and gP = M(A® A N)/ M(A®)
respectively. The relative frequency is regarded as the degree of truth of a fuzzy rule in [3 ].
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Heuristic (1). Fuzzy ID3 based on the minimum fuzzy entropy.
Select such an integer k, (the k,-thattribute) that E, = Min,, . E,

m ®
where E, = ZH(M(A' %.,

J=1

Entr® [ k=12,--,n;
M(A;”)) k=l

Enr® =~ p,.(") log, p® —gq® log, ¢ denotes the fuzzy entropy of classification.

Heuristic (2). A variant of Fuzzy ID3 based on the minimum classification ambiguity.
Select such an integer k, (the k,-thattribute) that G, = Min,, G,

m | M(A® .
where G, = ZM( (4 %721 M(Aﬁk)))AMblgsk) s k=12,--.n;

Ambig® = Min(p® ,q®) ] Max(p® ,q¥) denotes the ambiguity of classification.

The heuristics (1) and (2) can be easily extended to the case of fuzzy classification having more
than two fuzzy subsets. The heuristic (2) has an option of significant level which will affect the
generation of fuzzy decision trees. Generally, different heuristics will result in different trees.
Intuitively, both the weighted average of fuzzy entropies and the weighted average of
classification ambiguities will decrease when

Max(p,.("),q,.(”) —>1or Min(p,.(k) ,q,.(")) —>0.
In the process of generating fuzzy decision trees, both heuristic (1) and heuristic (2) attempt to
reduce the average depth of trees, i.e. on an average, to generate leaves as soon as possible.

Before giving our new heuristic, we explain fuzzy rules using the following definitions.

Definition 1. A fuzzy rule takes a form: IF A THEN B which defines a fuzzy relation from
condition fuzzy set A to conclusion fuzzy set B.

A rule IF A THEN B is true means that A implies B, denoted by 4 = B. The implication
operator can be interpreted in many ways([3]). As the interpretation of [3], the implication
A => B in this paper is understoodtobe 4 C B.

Definition 2. The true degree of a fuzzy rule A=>B is defined to be
Z' o min(p L), ,,(u))/ z' ok 4+(u) where A and B are two fuzzy sets defined on the

same universe U.

Now, we give a new heuristic algorithm for generating fuzzy decision trees. Suppose the fuzzy
classification is considered to be L fuzzy subsets, denoted by Ci, C2, ... and Cv respectively. For
each attribute value (fuzzy subset) A®(1<k<n,1<i<m,), its relative frequencies
concerning C;

PP =MUAP NC)HYI M(AP) G=1,2, .. L)
respectively. From Definition 2., we know that the relative frequency is the true degree of a fuzzy
rule. That is, IF [A¥) = 4] THEN C; with the true degree p.".
We define the variance by
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Var® = 21, (5" - (L,p)/ L’

=20,
The new heuristic based on the minimum error variance is described as follows.

Select such an integer Kk, (the K, -th attribute) that V, = Max,,_V,

m ®
where V, = ZH(M(A' %..,

Vari(k) > k= 1’29"'3’1 >

J=1 M ( AJ(‘k) ))

Compared with existing heuristics for generating fuzzy decision trees, the new algorithm has the
following advantages.

(1). It can efficiently describe the statistical characteristics of the training data.

(2). 1t is especially suitable for the case of generating fuzzy decision trees for continuous-valued
attributes.

(3). Experimental results show that, with regard to the test accuracy for unknown cases, the new
heuristic is superior to the likes of Fuzzy ID3.
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