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To avoid checking unnecessary or irrelevant conditions of rules, the irrelevant val-
ues problem of the decision tree is addressed. We propose an algorithm to remove ir-
relevant conditions of rules in the process of converting the decision tree to rules ac-
cording to the semantics of the decision tree. Since our algorithm depends only on the
semantics of the decision tree, our algorithm can be integrated into any existing
tree-construction algorithm with negligible increase in computational cost concerning
that of constructing the decision tree. Moreover, as a side effect, the resultant rules are
less likely to suffer from missing branches problem.
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1. INTRODUCTION

Classification is one of the key data mining technique and has been applied to nu-
merous applications. Until now, a number of different classification techniques have
been proposed [2-4] and the induction of decision trees is a well-known approach [8].
A decision tree is a representation of a decision procedure for determining the class of a
given instance [18] and it can be constructed by the non-incremental tree-induction algo-
rithm [8, 11-13] or the incremental tree-induction algorithm [2, 17, 18]. The non-in-
cremental tree-induction algorithm, such as ID3, has been studied by many authors.
This kind of algorithm infers a decision tree once, based on the entire training data. On
the other hand, the incremental tree-induction algorithm, such as ID4 [2], ID5 [17], and
ID5R [18], revises the current decision tree, if necessary, in response to each newly ob-
served training data. However, as pointed out by P. Utgoff [18], ID4 builds the same
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tree as the basic ID3 only when there is an attribute at each non-leaf node that is clearly
the best choice with its E-score. ID5R is a successor of ID5 algorithm and it is guaran-
teed to build the same decision tree as ID3 for the same given training data. Since these
algorithms are ID3-like algorithms, we only consider ID3 in this paper.

ID3 builds a decision tree by selecting the best test attribute by examining their in-
formation gain. Attribute with maximum information gain is selected to be the root of
the decision tree. Then, the same procedure is operated on each branch to induce the
remaining levels of the decision tree until all examples in a leaf belong to the same class.
ID5R was developed by P. Utgoff [18], and is an incremental tree-induction algorithm.
ID5R uses pull-up technique to reconstruct the tree so that the desired attribute is at the
root of the tree or subtree without re-examining the training instances. The main dif-
ference between the structure of the ID3 tree and that of the ID5R tree is at the node of
the decision tree. The node of the ID3 tree does not contain any information about the
training data; on the other hand, the node of the ID5R tree contains all necessary infor-
mation for the training set. For example, as shown in Figure 1, the leaf node of the
ID5R tree contains a class name and the set of instance descriptions at the node belong-
ing to the class, and the leaf node of the ID3 tree only contains a class name that the
branch belongs to. Moreover, the non-leaf node (or decision node) of the ID5R tree
also contains (a) an attribute test, with a branch to another decision tree for each possible
value of the attribute, the positive and negative counts for each possible value of the at-
tribute, and (b) the set of non-test attributes at the node, each with positive and negative
counts for each possible value of the attributes [18].

For the tree-induction algorithms, such as ID3 and ID5R, both trees generated by
these algorithms may have over-specialization problem because when an attribute is se-
lected for branching out a node, the decision tree creates a branch for each value of that
appear in the training data without considering whether the value is relevant to the classi-
fication. Fayyad has proposed two famous algorithms, GID3 and GID3*, to solve

eyes hair height class
brown blond short N
brown dark tall N
blue blond tall P
blue dark tall N
blue dark short N
blue red tall P

brown blond tall N
blue blond short P

the over-specialization problem of the decision tree constructed using ID3 [5-7]. These
two algorithms overcome not only the irrelevant values problem but also the missing
branches problem. However, the problem of these algorithms is that some branches in
the GID3 tree or the GID3* tree may be longer than that in the ID3 tree. Consequently,
more attributes need to be examined in the process of making decision using the GID3
tree or the GID3* tree. We will discuss this problem in section 3.
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Fig. 1. Two decision trees for a simple training set.

As pointed out by J. R. Quinlan [14], large decision trees are difficult to understand
because each node has a specific context established by the outcomes of tests at
antecedent nodes and the structure of the decision tree may cause individual
sub-concepts to be fragmented. Rewriting the tree to a collection of rules, one for each
leaf in the tree, would not result in anything much simpler than the tree, since there
would be one rule for every leaf. However, since the antecedents of a rule may contain
irrelevant conditions, the rule can be generalized by deleting these superfluous conditions
without affecting its correctness. Consequently, the generalized rules are simpler than
the tree. In this paper, we provide another view to solve over-specialization problem of
the decision tree without the problem in the GID3 tree or the GID3* tree. We eliminate
irrelevant values during the process of converting the decision tree to rules according to
the semantics of the decision tree, so that the irrelevant conditions will not appear in the
resultant rules. Unlike Quinlan’s approach [13, 14], since our algorithm depends only
on the semantics of the decision tree, our algorithm has clear computational advantages
and can be integrated into any existing decision tree system easily. Moreover, since
irrelevant conditions are removed from the resultant rules, the resultant rules are more
general than those represented by the decision tree. As a side effect, the resultant rules
are less likely to suffer from missing branches problem.

In this paper, the over-specialization problem of the ID3 tree is introduced in section
2. The problem of GID3 and GID3* algorithms are briefly introduced in section 3.
The idea of the virtual branches in the decision tree is discussed in section 4. An
efficient algorithm for removing irrelevant values is given in section 5. The empirical
evaluation of our algorithm is discussed in section 6. The concluded remarks are stated
in section 7.

2. PROBLEM STATEMENTS

As pointed out in [5], the irrelevant values problem and the missing branches prob-
lem are two causes of over-specialization of the decision tree. The ID3 tree and ID5R
tree have the irrelevant values problem because when an attribute is selected for branch-
ing out a node, both trees create a branch for each value of that attribute appear in the
training data. Since some values of that attribute may not be relevant to the classifica-
tion, the rules of the decision tree may have irrelevant conditions, which demands irrele-
vant information to be supplied [4, 5, 14].
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The missing branches problem of the decision tree is due to the fact that some of the
reduced subsets at the non-leaf nodes do not necessarily contain examples of every pos-
sible value of the branching attribute [5]. Consequently, the decision tree may fail to
classify some instances. Now, we introduce the irrelevant values problem and the miss-
ing branches problem by the following example.

Example 1. Let us consider the ID3 tree in Fig. 2. According to [14], rewriting the
tree to a collection rules, the conjunction of the condition attribute values on the branches
is involved in the antecedent of the rule, and the target attribute value (class) in the leaf
node is involved in the consequent of the rule. In this example, the rules of the tree are:

1. a3 → c1,
2. a1 ∧ b1 → c1,
3. a1 ∧ b2 → c2,
4. a2 ∧ b1 → c1,
5. a2 ∧ b2 → c3.

As shown in Fig. 2, since the attribute B is not in the branch Br, we assume that all
branches with respect to attribute A and attribute B implied by Br are a3 ∧ bj → c1,
where bj ∈ dom(B) and dom(B) is called the domain of attribute B. Moreover, since
a1 ∧ b1 → c1, a2 ∧ b1 → c1, and a3 ∧ b1 → c1 are the rules of the tree, we
can conclude that the value a1 is an irrelevant condition in the rule a1 ∧ b1 → c1,
and the value a2 is also an irrelevant condition in the rule a2 ∧ b1 → c1. When we
remove the irrelevant values from these two rules, the resultant rules, which are simpler
than the rules with irrelevant condition, are:

1. a3 → c1,
2. b1 → c1,
3. a1 ∧ b2 → c2,
4. a2 ∧ b2 → c3.

Let us re-consider the decision tree in Fig. 2. Let the testing data e be (a4, b1).
Since data e is not in the training set, the corresponding branch with respect to this data is
missing in the tree. Therefore, the ID3 tree fails to classify e. However, after con-
verting the decision tree to rules, this testing data, e, can be classified by rule b1 → c1.
Accordingly, the missing branches problem can be avoided, as a side effect, in the proc-
ess of removing irrelevant conditions of rules. �

A

B B

c1

a2a1 a3

b1
b2b1 b2

c1 c2 c3

c1
Br

Fig. 2. An ID3 decision tree with irrelevant values.
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3. GID3 AND GID3*

To overcome the over-specialization problem of the decision tree, Fayyad has pro-
posed two algorithms, GID3 and GID3*, to solve this problem. GID3 and GID3* solve
the irrelevant values problem at attribute phantomization step before attribute selection.
In these two algorithms, irrelevant values are merged to a single value DEFAULT, and
the other values remain unchanged.

The difference between GID3 and GID3* is only in the attribute phantomization
step. In GID3, attribute phantomization is achieved evaluating the Gain of each attrib-
ute-value pair separately. The maximum Gain multiplied by the user specified toler-
ance, TL, gives a threshold gain. All attribute-value pairs whose Gains are not less than
the threshold gain are considered relevant and are passed; otherwise, they are irrelevant
and are mapped to DEFAULT. The problem of GID3 is that TL is specified by users.
To provide a well-defined algorithm, user does not need to specify TL in GID3*.
GID3* uses the Tear of the attribute-value pair to determine whether the attribute value
is irrelevant and is grouped with other values under the DEFAULT value.

Although the irrelevant values problem has been overcome by GID3 and GID3*,
some branches in the GID3 tree or GID3* tree may be longer than that in the ID3 tree.
In other words, more attributes need to be examined to classify the instances by the GID3
tree or the GID3* tree than that using the ID3 tree in some cases. For example, Fig. 3
illustrates how an GID3* tree generates such problem for the given training set. As
shown in Fig. 3, to classify the instances e1, e5, e7, and e9 of the given data, we have to
examine the value of “SiO2 flow” attribute in the GID3* tree. However, we do not
need to consider this attribute in the ID3 tree.

Temp Selectivity line width SiO2 flow Class
e1 100 normal normal low HP
e2 102 low low low LF
e3 105 normal high v. high LP
e4 110 high high high LP
e5 100 high low v. low LF
e6 101 low normal normal LF
e7 115 normal normal normal HP
e8 112 high high high LP
e9 111 normal low low HP

4. THE VIRTUAL BRANCHES

Let A be a set of attributes {A1, ..., An}, C be a set of classes {C1, ..., Cs}, and the
set of possible values for an attribute Aj is denoted by dom(Aj). To represent a decision
tree by a set of branches, the branch Br of the decision tree can be represented as the
form (Br[A1], ..., Br[An], Ci) or (Br[A1, ..., An], Ci), where Br[Aj] is the branch value out
of an attribute Aj in the branch Br. Moreover, according to [13], this branch can be eas-
ily converted into the following rule:

Br[A1] ∧ ... ∧ Br[An] →Ci.
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Fig. 3. Two decision trees for a simple training set.

For the ID3 tree, not all attributes Aj will be the nodes of some branches Br in the
decision tree, that is, the corresponding values Br[Aj] may be missing in the branches.
When the corresponding values Br[Aj] are missing in the branches, we say these attrib-
utes are irrelevant attributes with respect to Br. According to the semantics of irrele-
vant attributes, we know that the missing value Br[Aj] can be replaced by any values
from the same domain without affecting the correctness of the corresponding rule of Br.
Therefore, when we consider these irrelevant attributes, there are many rules implied by
Br. These implied rules are called virtual branches of the decision tree. We explain
this observation by the following definition:

Definition 1. Let Br = (Br[A1, ..., Aj-1], Ci) be a branch in the decision tree. Then,
the virtual branches with respect to attributes A1, ..., An implied by Br are:

{ (Br[A1, ..., Aj-1], ajr, ..., ans, Ci) | ajr, ..., ans ∈ dom(Aj, ..., An) },
where dom(Aj, ..., An) = dom(Aj) × ... × dom(An).

For easy explanation how to identify irrelevant values of a branch in a decision tree,
we further define the following definition.

Definition 2. Let Br and Br' be two different branches in a decision tree, where Br =
(Br[A1, ..., Ak], Ci1). Then Br is in conflict with Br' with respect to attributes A1, ..., Ak,
iff (Br[A1, ..., Ak], Ci2) is a part of virtual branch of Br' and Ci1 ≠ Ci2.

According to the semantics of irrelevant values, a value, Br[Aj], is an irrelevance of
a rule, this value can be deleted or replaced by any value from the same domain value
without affecting the correctness of the rule. Therefore, based on the idea of virtual
branches, we can trivially do combinatorial explosion in the number of comparisons to
all the branches to identify irrelevant values of a branch. Consequently, we can remove
irrelevant values from the corresponding rule of the branch. The following theorem
presents a naive algorithm to identify irrelevant values of a branch.

Theorem 1. Let Br = (Br[A1, ..., Ak], Ci1) be a branch in a tree. When Br is not in
conflict with any other branch with respect to attributes A1, ..., Aj-1, Aj+1, ..., Ak in the
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decision tree, the branch value Br[Aj] is an irrelevant value of the branch; otherwise,
Br[Aj] is not an irrelevant value of the branch.

Proof: (⇒) Let Br is not in conflict with any other branch with respect to attributes
A1, ..., Aj-1, Aj+1, ..., Ak in the decision tree. Assume that Br[Aj] is not an irrelevant
value in Br. When Br is not in conflict with any other branch with respect to attributes
A1, ..., Aj-1, Aj+1, ..., Ak in the decision tree, Br[A1] ∧ ... ∧ Br[Aj-1] ∧ Br[Aj+1]
∧ ... ∧ Br[Ak]→Ci1 can be a rule of the decision tree. Consequently, Br[Aj] can be
deleted from Br without affecting the correctness of the corresponding rule. That is,
Br[Aj] is an irrelevant value in Br.

(⇐) Let Br[Aj] is an irrelevant value in Br. Assume that Br is in conflict with at
least one branch with respect to attributes A1, ..., Aj-1, Aj+1, ..., Ak in the decision tree.
According to the semantics of irrelevant values, when the value Br[Aj] is an irrelevant
value in Br, Br[A1] ∧ ... ∧ Br[Aj-1] ∧ Br[Aj+1] ∧ ... ∧ Br[Ak]→Ci1 is a rule of
the decision tree, and Br[A1] ∧ ... ∧ Br[Aj-1] ∧ Br[Aj+1] ∧ ... ∧ Br[Ak]→Ci2
must not be a part of rule implied by other branch in the tree with respect to attributes
A1, ..., Aj-1, Aj+1, ..., Ak, where Ci1 ≠ Ci2. In other words, by definition 2, Br is not
in conflict with any other branch with respect to attributes A1, ..., Aj-1, Aj+1, ..., Ak in the
decision tree; otherwise, it is a contradiction. �

To identify all irrelevant values of a branch, we can recursively apply Theorem 1
until all branch values have been checked.

Example 2. Let us consider the decision trees in Fig. 4, and we want to identify irrele-
vant values of each branch in the trees. Some attributes are missing in some branches.
To identify irrelevant values of a branch, by Theorem 1, we have to consider the virtual
branches of each branch with respect to different attributes in the tree. By Definition 1,
the virtual branches of each branch with respect to attributes A, B, and D in the tree are:

A

B

B

c1

a2a1 a3

b1

b2b1

b2

c1 c2

c

c

Br

2

3

21 Br

Br Br

Br

4 5

6

D

c1

Br3

d1 d2

Fig. 4. An ID3 decision tree.
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• Br1 = { (a1, b1, di, c1) | di ∈ dom(D) }.
• Br2 = { (a1, b2, di, c2) | di ∈ dom(D) }.
• Br3 = { (a2, bi, d1, c1) | bi ∈ dom(B) }.
• Br4 = { (a2, b1, d2, c1) }.
• Br5 = { (a2, b2, d2, c3) }.
• Br6 = { (a3, bi, dj, c2) | bi ∈ dom(B) ∧ dj ∈ dom(D) }.

Now, let us consider the branch Br1. To identify whether Br1[A] is an irrelevant
value in Br1, by Theorem 1, we have to check whether Br1 is in conflict with any other
branch with respect to attribute B in the decision tree. Since Br1 is in conflict with Br6,
by Theorem 1, Br1[A] is not an irrelevant value in Br1. By the same way, we find out
that Bri[A] and Bri[B] are not irrelevant values in Bri, where i = 1 .. 6. Finally, let us
consider the branch value Bri[D] in the ID3 tree. Since Br4 is not in conflict with other
branches with respect to attributes A and B, by Theorem 1, Br4[D], d2, is an irrelevant
value in Br4. After removing the irrelevant values from the rules, the corresponding
rules of this ID3 tree are:

(1) a1 ∧ b1 → c1,
(2) a1 ∧ b2 → c2,
(3) a2 ∧ d1 → c1,
(4) a2 ∧ b1 → c1,
(5) a2 ∧ d2 ∧ b2 → c3,
(6) a3 → c2. �

To identify all irrelevant values of a branch, we can recursively apply Theorem 1
until all branch values have been checked. As shown in example 2, however, the proc-
ess of identifying irrelevant values by Theorem 1 is very time-consuming because we
have to consider not only all the virtual branches of each branch in the decision tree, but
also all combinations in the branches with respect to different attributes. Therefore, to
enable users to focus on only relevant conditions of the classification rules, we have to
provide a feasible method to solve the irrelevant values problem for a complex decision
tree.

5. AN EFFICIENT ALGORITHM

Let Br = (Br[A1, ..., Aj-1], Br[P], Br[Aj+1, ..., Ak], Ci) be the branch of the decision
tree, i.e., Br is through node P of the decision tree. According to Theorem 1, to identify
whether a branch value Br[P] is an irrelevant value, we have to check all the virtual
branches of the decision tree. However, according to the semantics of the decision tree,
when a branch Br' is not through P, the virtual branches of Br must not conflict with Br'
because the decision tree creates a branch for each value of the non-leaf node attribute.
As a result, identifying the virtual branches of a branch is similar to identify common
branches or parts of branches of the decision tree. We prove this by Theorem 2.
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Theorem 2. Let Br = (Br[A1, ..., Aj-1], Br[P], Br[Aj+1, ..., Ak], Ci) be a branch in a
decision tree. For all other branches in the subtree of node P, when Br is not in conflict
with these branches with respect to attributes Aj+1, ..., Ak, the branch value Br[P] is an
irrelevant value in Br; otherwise, Br[P] is not an irrelevant value of the branch.

Proof: Let Br = (Br[A1, ..., Aj-1], Br[P], Br[Aj+1, ..., Ak], Ci). Then, for the branches,
Br', are not through P, Br must not conflict with these branches because the decision tree
creates a branch for each value of the non-leaf attribute. That is, ∃k', Br[Ak'] ≠
Br'[Ak'], where 1 ≤ k' ≤ j-1. Consequently, by to Theorem 1, we do not need to con-
sider these branches in the process to identify whether Br[P] is an irrelevant value.
Moreover, for all other branches in the subtree of node P, these branches, Br', are
through P, therefore, Br[Ak'] must be equal to Br'[Ak'], where k = 1 ... j-1. Therefore,
by Theorem 1, when Br is not in conflict with these branches with respect to attributes
Aj+1, ..., Ak, the branch value Br[P] is an irrelevant value in the branch Br; otherwise,
Br[P] is not an irrelevant value of the branch. �

Moreover, after Br[P] has been checking, all other branches in the subtree of node P
are useless for the following process to identify the other irrelevant values of Br.
Therefore, Theorem 2 still contains some redundant computations. We prove this by
the following theorem.

Theorem 3. Let Br = (Br[A1, ..., Aj-1], Br[P], Br[Aj+1, ..., Ak], Ci) be a branch in a
decision tree. When the branch value Br[P] has been identified whether it is an irrele-
vant value by Theorem 2, all other branches in the subtree of P are useless for the fol-
lowing process to identify the irrelevant values of Br.

Proof: Let Br and Br' be two branches through P in the decision tree, respectively.
When Br[P] is an irrelevant values, Br must not conflict with Br' by Theorem 2.
Moreover, when Br[P] is not an irrelevant value, Br[P] must not be equal to that of Br'[P]
because the decision tree creates a branch for each value of the non-leaf node attribute.
Therefore, Br will never conflict with Br'. In other words, Br' is useless for the follow-
ing computations to identify irrelevant values of Br. �

According to Theorem 2, for each selected node P, to identify whether the branch
value of node P is an irrelevant value of a branch, Br, we need only to consider the
branches in the subtree of node P, and by Theorem 3, after checking whether the branch
value of node P is an irrelevant value, all of these branches can be ignored for the fol-
lowing process to identify irrelevant values of Br. In other words, by Theorem 2 and
Theorem 3, to identify all the irrelevant values of a branch, we need to check all the
branches in the decision tree only once. Therefore, in the process of identifying the
irrelevant values of a branch Br, we can assume that one of values Br[P] is an irrelevant
value and recursively applies Theorem 2 until the node P of the branch is the root of the
decision tree. However, as indicated in Section 4, the process of identifying whether
two branches are in conflict with each other is very time-consuming. Therefore, we
have to provide an efficient method to solve this problem. The following theorem pro-
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vides an algorithm to do this job so that the computation time of removing the irrelevant
values from a branch can be reduced greatly.

Theorem 4. Let Br and Br' be two branches through node P in the decision tree, where
Br = (Br[A1, ..., Aj-1], Br[P], Br[Aj', ..., Ak1], Ci1) and Br' = (Br'[A1, ..., Ak2], Ci2).
Let A = {Aj', ..., Ak1} and A1 be the same attributes in these two branches, where A1 ⊆
A. Then, Br is in conflict with Br' with respect to A iff Br[A1] = Br'[A1] and Ci1 ≠
Ci2.

Proof: Let A = {Aj', ..., Ak1} and A1 be same attributes in these two branches, where
A1 ⊆ A. When Br[A1] ≠ Br'[A1], it implies that ∃Ak', Br[Ak'] ≠ Br'[Ak'], where
Ak' ∈ A1. Therefore, by Definition 2. these two branches will never be in conflict
with each other with respect to A. Moreover, when two branches belong to the same
class, by Definition 2, these two branches will also never conflict with each other.
Therefore, we only consider the case Br[A1] = Br'[A1] and Ci1 ≠ Ci2. By Theorem 2
and Definition 2, to identify whether Br is in conflict with Br', we need only to consider
whether Br[A]→Ci2 is a part of rule implied by Br'. However, when Br[A1] = Br'[A1],
Br[A]→Ci2 must be a part of rule implied by Br'. Therefore, Br is in conflict with Br'
with respect to A iff Br[A1] = Br'[A1] and Ci1 ≠ Ci2. �

We have provided an efficient algorithm to identify whether two branches are in
conflict with each other. Since we do not have to consider the virtual branches of each
branch in the decision tree by Theorem 3, the time complexity of identifying irrelevant
values of a branch is reduced greatly. The time complexity of identifying whether two
branches are in conflict with other is reduced to O(k), where k is the number of nodes of
the branch. For each node P, to identify whether the branch value of node P is an ir-
relevant value of a branch, we need only to consider the branches in the subtree of node
P once by Theorem 2 and 3. Therefore, the time complexity of the worst case of iden-
tifying all irrelevant values of a branch by Theorems 2, 3, and 4 is reduced to O(km),
where m is the number of branches in the tree. As a result, the time complexity of the
algorithm of generating a set of rules without irrelevant condition for a decision tree is
O(km2). The corresponding algorithm is shown in Fig. 5. The correctness of the al-
gorithm is proved by the following theorem.

Theorem 5. Algorithm RGFDT can remove all irrelevant values from a decision tree.

Proof: In the algorithm, we apply Theorem 2, 3, and 4 to remove all irrelevant values
from a branch Br'. Since the correctness of Theorem 2, 3, and 4 has been proved, all
irrelevant values of Br' can be identified and removed. Moreover, since we repeat the
same process to all branches of the tree, the algorithm can remove all irrelevant values.�

Algorithm RGFDT (Rules Generation From the Decision Tree)
Input : A decision tree;
Output: A set of simplified rules without irrelevant condition;
Let Br = {Br1, ..., Brm}; /* the branches of the decision tree */
For each branch Br' in Br Do
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{
Let Br' = (Br'[A1], ..., Br'[Ak1], Ci); /* to remove irrelevant values from the Br' */
Br1 := Br − Br';

For each node P in Br' Do /* Br'[P] = Br'[Aj], and for j = k1 down to 1*/
{(1) By Theorem 2, we need only to consider the branches in the subtree of node P.

Therefore, let Br'1 be the branches in the subtree of node P, where Br'1∈ Br1.
(2) Apply Theorem 4 to check whether Br' is in conflict with any branch in Br'1.

If Br'[P] is an irrelevant value,
Then remove Br'[P] from Br';

(3) By Theorem 3, all branches in Br'1 are useless for the following process to
identify the other irrelevant values of Br'. Therefore, let Br1 := Br1 − Br'1; }
Represented Br' by a rule;

}

Fig. 5. An efficient algorithm to convert an decision tree to a set of rules without irrelevant condi-
tion.

Since irrelevant conditions are removed from the original rules, the resultant rules
are more general than those represented by the decision tree. As a side effect, like
GID3 and GID3*, the resultant rules are less likely to suffer from missing branches.
Next, we introduce an example to demonstrate that our algorithm can solve the missing
branches problem to increase the accuracy of the resultant rules.

Example 3. Let us consider the decision tree in Fig. 6. Let the testing data e be (d2,
a1, b1). The ID3 tree fails to classify e. The missing branches problem is due to the
fact that some of the reduced subsets at the non-leaf nodes do not necessarily contain
examples of every possible value of the branching attribute [2]. After converting the
decision tree to rules by our algorithm, this testing data, e, can be classified. The resul-
tant rules are given as:

A

B B

c 1

a2a1 a3

b1
b2b1 b2

c 1 c 2 c3

c1

D
d2d1

2c

B

3c
b3b2

Fig. 6. A decision tree with irrelevant values.

1. d2 ∧ b2 → c2,
2. d2 ∧ b3 → c3,
3. b1 → c1,
4. d1 ∧ a3 → c1,
5. d1 ∧ a1 ∧ b2 → c2,
6. d1 ∧ a2 ∧ b2 → c3. �

Next, we introduce another example to demonstrate that our algorithm works
correctly for the complex decision tree.
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Example 4. Consider the decision tree in Fig. 7. This decision tree is produced by
ID3 for the King-Knight-King-Rook chess end-game. For the same training set, the
rule set produced by PRISM has 15 rules; therefore, J. Cendrowska claims that an expert
system using the decision tree as its knowledge base would require significantly more
tests to be performed [4]. However, when we apply our algorithm to this decision tree,
the resultant rules are more simplified than those produced by PRISM. We remove the
irrelevant value b1 from rule 14 and 15 by our algorithm. The resultant rules produced
by PRISM and our algorithm are listed in Table 1. Since the rule 16 is not included in
the training set of PRISM, it will not generate this rule. Moreover, As pointed out in [4],
both the decision tree, as shown in Fig. 7, and PRISM’s rule set classify all 647 instances
correctly. �
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b1b3 b2
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S

S

S
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S S L
c2c3 c1
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C

S S L
c2c3 c1

C

S S L
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a1a2

L

c2c3 c1

A

C

S S L
c2c3 c1

C

S S L
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a1a2

L

c2c3 c1

A

C

S S L
c2c3 c1

C

S S L
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L

c2c3 c1

A

C

S S L
c2c3 c1

C

S S L

a3
a1a2
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c2c3 c1

A

C

S S L
c2c3 c1

C

S S L

a3
a1a2

L

c2c3 c1

A

C

S S L
c2c3 c1

C

S S L

a3
a1a2

L

d3 d3d2 d2d1
d1

S : safe
L : lost

Fig. 7. The ID3 tree for the king-knight-king-rook chess end-game.

Table 1. The resultant rules produced by PRISM and our algorithm, RGFDT, respectively.

# PRISM Our algorithm
1 ef → safe ef → safe
2 ff → safe ff → safe
3 gf → safe gf → safe
4 b1∧d2 → safe b1∧d2 → safe
5 b1∧d3 → safe b1∧d3 → safe
6 a1∧c2 → safe a1∧c2 → safe
7 a1∧c3 → safe a1∧c3 → safe
8 a2∧c2 → safe a2∧c2 → safe
9 a2∧c3 → safe a2∧c3 → safe

10 et∧ ft∧gt∧b2∧a3 → lost et∧ ft∧gt∧b2∧a3 → lost
11 et∧ ft∧gt∧b2∧c1 → lost et∧ ft∧gt∧b2∧c1 → lost
12 et∧ ft∧gt∧b3∧a3 → lost et∧ ft∧gt∧b3∧a3 → lost
13 et∧ ft∧gt∧b3∧c1 → lost et∧ ft∧gt∧b3∧c1 → lost
14 et∧ ft∧gt∧b1∧d1∧a3 → lost et∧ ft∧gt∧d1∧a3 → lost
15 et∧ ft∧gt∧b1∧d1∧a2∧c1 → lost et∧ ft∧gt∧d1∧a2∧c1 → lost
16 b1∧a1 → safe
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6. EMPIRICAL EVALUATION RESULTS

In this section, we conduct experiments to compare the performance of ID3 with our
algorithm for the ID3 tree on some real-world databases that are from the University of
California, Irvine (UCI) [10]. The ID3 and our algorithm are implemented on a Pen-
tium-200 PC with 64MB RAM, running on Windows/NT.

The data sets we used are described in Table 2. WBCD is a breast cancer database
that was obtained from the university of Wisconsin Hospitals. Samples arrive periodi-
cally as Dr. Wolberg reports his clinical cases [9]. CAR is a car evaluation database,
which was derived from a simple hierarchical decision model and originally developed
for the demonstration of DEX [1]. BSWDD is a balance scale weight and distance da-
tabase, which was generated to model psychological experiment result [16]. VOTE is
voting records for each of the U. S. House of Representatives Congressmen on the 16
key votes identified by the Congressional Quarterly Inc. Washington, D.C. 1985 [15].
NURSERY database is derived from a hierarchical decision model originally developed
to rank applications for nursery schools. NURSERY was used in 1980's when there
was excessive enrollment at these schools in Ljubljana, Slovenia, and the rejected appli-
cations frequently needed an objective explanation.

There is random choice of one-third of each database as training set to induce a de-
cision tree and the remaining data as a test set for its accuracy. Each database is exe-
cuted for five runs and then the average of the resultant data will come up with the test
data in Table 3. The data induces the running time, average error rates of the testing
data, and the number of rules of ID3 and our algorithm RGFDT. We may discover that
the time taken to remove irrelevant values only counts as a minor portion of that taken to
build a decision tree. Since all irrelevant values are removed, the resultant rules are
more general than those represented by the decision tree. As a side effect, the resultant
rules are less likely to suffer from missing branches. Actually, its accuracy conspicu-
ously increases and its error rate decreases at less 20%. Moreover, there is at least 10%
decrease in the number of production rules.

Table 2. Details of the data sets in empirical evaluation.

Data Set
Examples

Attribute Class
Training set Test set

WBCD 233 450 10 2
CAR 576 1152 6 4

BSWDD 208 417 4 3
VOTE 135 300 16 2

NURSERY 300 700 8 4

Table 3. The empirical evaluation results.

Data Set
Running Time

(second)
Error Rate

(%)
Rules

ID3 RGFDT ID3 RGFDT ID3 RGFDT
WDBC 4.34375 0.15625 12.7 10 40 34.2
CAR 11.10156 1.8125 12.8 5.7 75.6 68.4

BSWDD 7.52344 1.47656 43.8 9.2 82.8 65
VOTE 2.31871 0.92012 6.3 2.7 25.6 22.4

NURSERY 8.78023 2.0123 50.4 34.2 61.8 50.6
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7. CONCLUSIONS

To overcome the irrelevant values problem, we have proposed a new algorithm to
solve it. We eliminate irrelevant values during converting the decision tree to rules by
the semantics of the decision tree. Therefore, the irrelevant conditions will not appear
in the resultant classification rules. The time complexity of the algorithm of generating
a set of rules without irrelevant condition for a decision tree is O(km2), where k is the
number of nodes of the branch and m is the number of branches in the tree.

As the empirical evaluation result indicated in section 6. The results present evi-
dences to prove that our algorithm overcomes not only the irrelevant values problem but
also some missing branches problem with negligible extra computational cost concerning
that of constructing the decision tree by ID3. Since our algorithm depends only on the
semantics of the decision tree, our algorithm can be integrated into any existing decision
tree system easily.
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