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Abstract 

The problem of deciding which subset of values of a 
categorical-valued attribute to branch on during deci- 
sion tree generation is addressed. Algorithms such as 
ID3 and C4 do not address the issue and simply branch 
on each value of the selected attribute. The GID3* 
algorithm is presented and evaluated. The GID3* al- 
gorithm is a generalized version of Quinlan’s ID3 and 
C4, and is a non-parametric version of the GID3 algo- 
rithm presented in an earlier paper. It branches on a 
subset of individual values of an attribute, while group- 
ing the rest under a single DEFAULT branch. It is 
empirically demonstrated that GID3* outperforms ID3 
(C4) and GID3 for any parameter setting of the latter. 
The empirical tests include both controlled synthetic 
(randomized) domains as well as real-world data sets. 
The improvement in tree quality as measured by num- 
ber of leaves and estimated error rate is significant. 

Introduction 
Empirical learning algorithms attempt to discover relations 
between situations expressed in terms of a set of attributes 
and actions encoded in terms of a fixed set of classes. By 
examining large sets of pre-classified data, it is hoped that a 
learning program may discover the proper conditions under 
which each action (class) is appropriate. Heuristic methods 
are used to perform guided search through the large space of 
possible relations between combinations of attribute values 
and classes. A powerful and popular such heuristic uses the 
notion of selecting attributes that locally minimize the in- 
formation entropy of the classes in a data set. This heuristic 
is used in the ID3 algorithm [l l] and its extensions, e.g. 
GID3 [2], GID3* [4], and C4 [12], in CART [l], in CN2 
[3] and others; see [4, 5, lo] for a general discussion of the 
attribute selection problem. 

The attributes in a learning problem may be discrete (cate- 
gorical), or they may be continuous (numerical). The above 
mentioned attribute selection process assumes that all at- 
tributes are discrete. Continuous-valued attributes must, 
therefore, be discretized prior to attribute selection. This 
is typically achieved by partitioning the range of the at- 
tribute into subranges, i.e., a test is devised that quantizes 
the range. In this paper, we focus only on the problem of 
deciding which values of a discrete-valued (or discretized) 

attribute should be branched on, and which should not. We 
propose that by avoiding branching on all values (as in ID3), 
better trees are obtained. We originally developed the GID3 
algorithm [2] to address this problem. GID3 is dependent 
on a user-determined parameter setting (TL) that controls 
its tendency towards branching on some versus all values of 
an attribute. We have demonstrated that for certain settings 
of TL, GID3 produces significantly better trees than ID3 or 
C4l. In this paper we present the GID3* algorithm in which 
the dependence on a user-specified parameter has been re- 
moved. We empirically demonstrate that GID3* produces 
better trees than GID3 for a wide range of parameter set- 
tings. 

The Attribute Selection Criterion 
Assume we are to select an attribute for branching at a 
node having a set S of N examples from a set of k classes: 
{Cl,..., Ck}. Assuming that some test T on attribute A 
partitions the set S into the subsets St, . . . , S,. Let P(Ci, S) 
be the proportion of examples in S that have class C,:. The 
class e&&y of a subset S is defined as: 

Ent(S) = - 2 P(ci, S) log(p(ci, s>> 
i=l 

The resulting class entropy after a set S is partitioned into 
the r subsets is: 

E(A, T; S) = - 2 ISilEnt 
+r ISI 

(1) 

The information gain due to the test T, is thus defined to 
be Gain(A, T; S) = Ent(S) - E(A, T; S). Having found 
that the gain measure is biased in favor of tests that induce 
finer partitions, Quinlan [ 1 l] adjusted it by dividing it by 
the entropy of the test outcomes themselves: 

r ISil 
IV(T; S) = Ent(T; S) = - >: - log 

izI PI 

‘In this paper we do not consider pruning. We focus only on 
generating better trees. Pruning methods can be applied to any 
tree regardless of how it was generated. 
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Figure 1: Two Decision Trees for a Simple Training Set. 

giving the Gain-ratio measure: 

Gain-r(A, T; S) = 
Gain(A, T; S) 

IV(T;S) ’ 

This empirically results in improved behavior. We refer to 
the ID3 algorithm with the Gain-ratio selection measure as 
ID3-IV (Quinlan later refers to it as C4 [ 121). 

Assuming that attribute A is discrete (or previously dis- 
cretized), the problem we address is how to formulate the 
test T. In ID3 and C4, the test T is simply a test of the value 
of A, with a separate branch for each value of A appearing 
in the data at the local node. This class of tests result in 
problematic trees since not every value of an attribute may 
be relevant to the classification task. For example, consider 
the attribute “color” with values {blue, red, green, yellow, 
white, black}. It may be the case that only the colors blue 
and red convey meaningful classification information. The 
fact that an object’s color is, for example, white, conveys 
no information other than the fact that the color is neither 
blue nor red. branching on each individual value results in 
excessively partitioning the data. This reduces the quality of 
subsequent attribute choices, and the problem compounds 
as subtrees are subsequently grown from over-partitioned 
nodes [4]. These problems are referred to as the irrelevant 
values, reduced data, and missing branches problems. 
Figure 1 illustrates how an ID3 tree generated from the 
the given simple training set differs from the correspond- 
ing GID3* tree. Note that both trees were generated from 
the data set, yet the ID3 tree would fail to classify a new 
example (not in the training set) that has values { selectiv- 
ity=normal, line width=low). The GID3* tree can classify 
this example, hence is more general. We shall later show 
that on average GID3* trees are also more accurate. 

The GID3 Algorithm 
In order to overcome overbranching problems, we gener- 
alized the ID3 approach by introducing the attribute phan- 
tomization step prior to attribute selection. An attribute A 

with r values is transformed into aphantom attribute A’ with 
s values, where s 5 r. The values of A deemed irrelevant, 
are mapped to a single branch (value) called “DEFAULT’. 
The other values remain unchanged. In our example above, 
the values of the phantom attribute color’ would be {blue, 
red, DEFAULT}. In GID3, phantomization was achieved by 
evaluating the Gain of each attribute-value pair separately. 
The maximum Gain multiplied by the user-specified toler- 
ance level TL, 0 <TL< 1, gives a threshold gain. All pairs 
whose Gain is not less than the threshold gain are passed. 
Each phantom attribute is defined to have the values of the 
original attribute that passed. 

As presented, the GID3 algorithm provides the means to 
generate a family of trees from a given training set. The 
TL parameter allowed us to control which tree is generated 
by increasing or decreasing the tendency of the algorithm 
to branch on some, rather than all, values of the selected 
attribute. ID3 trees are certainly members of the family 
of trees generated by GID3 (TL= 0 setting). Thus GID3 
served as a convenient tool to conceptually and empirically 
verify that the irrelevant values problem in ID3 can, in prin- 
ciple, be alleviated. Further empirical evidence for this 
claim is given in [4]. However, to provide a well-defined al- 
gorithm we need to remove the reliance on the user-specified 
parameter TL. 

We empirically demonstrated that there are certain set- 
tings of the TL parameter that result in decision trees that 
are superior to the corresponding ID3 and ID3-IV trees[2,4]. 
As a matter of fact, this was also our experience in all our 
experiments involving data from various companies in semi- 
conductor manufacturing [8]. The main problem with the 
TL parameter, is that its optimal setting varies from domain 
to domain, as well as across different training sets within 
a single domain. Actually, the user typically finds it diffi- 
cult to decide on a TL setting because the parameter has no 
simple intuitive interpretation. 

he GID3* Algorithm 
The GID3* algorithm differs from GID3 only in the at- 
tribute phantomization stage. It uses an additional measure 
to overcome GID3’s dependence on the parameter TL. 

For a set S of N examples and an attribute A with discrete 
values over S, let ai be one of the values of A. We define 
the Tear of the attribute-value pair (A, a;) to measure the 
degree to which the pair (A, ai) “tears the classes in S apart 
from each other”. The pair (A, ai) may be used to partition 
S into the subset S’A=~~ consisting of examples in S that 
have A = ai and the subset SA+ consisting of the rest 
of the examples in S. Tear( (A, ai), S) measures the degree 
to which the classes in S,J=~~ and SA+~ are disjoint from 
each other. In other words, Tear( (A, ai), S) is a measure of 
the amount of “work” that the pair (A, ai) performs towards 
getting us to the desirable state of “tearing all the classes 
apart from each other.” 

Let C(j, S) be the number of examples in S that have 
class Cj . The quantity 

]C(j, SA=a; ) - c(j, SA#ai ) 1 

c(j, SA=ai > + c(j, SA#ai ) 
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measures the degree to which the partition induced by 
(A, ai) separates examples of the same class, Cj , from each 
other. It is maximum when examples of Cj remain together 
either in SA=~~ or SA+. Taking the weighted average 
intra-class cohesion (non-separation) over all classes in S 
we get the measure Tear 1 ((A, ai), S) 

= &P(Cj,S) 
I% SA=a; ) - c(j, s,cpai ) 1 

j=l (%, SA=ai) + c(j, sA+) 

= $- e ,%,SA=a;) - c(j, s,+Lai)j. 
j=l 

Note that Tear 1 reduces to the normalized vector dif- 
ference (the Lt -norm) between the two class vectors of 
the sets SA=~, and SA+~~. It can easily be shown that 
0 5 Tear1 ((A, a;), S) 5 1. The measure is maximized 
when the set of classes represented in SA=~, is disjoint with 
the set of classes represented in SA+;. It is minimized 
when the class vectors of the two subsets SA=~~ and SA+ 
are identical. See [4, 51 for a discussion on weaknesses 
of the entropy measure. Tear1 is biased in favor of pairs 
(A, ui) which have very few or very many of S’s examples. 
Let P( (A, ai), S) be the proportion of examples in S having 

values ui for attribute A: P( (A, ai), S) = “T&Yri ’ . Then 

if P((A, Q), S> M 0, or if P((A, a;), S) M 1, the Tear1 
measure goes close to its maximum regardless of the dis- 
jointness of classes in S’A=~; and S,J#~;. We can correct for 
this by multiplying Tear1 by the proportion P( (A, a;), S), 
however this is not a symmetric correction since it favors 
large ]S,J=~~ I. The proper symmetric correction factor is 
one that is symmetric about P( (A, ai), S) = 0.5 and is 0 
at P((A, ui), S) = 0 and P((A, ai), S) = 1. Consider the 
weighting factor given by: 

Clearly, 0 5 W((A,ui), S) 5 a, and W((A,ui)y S) 
is symmetric about its maximum value of 0.25 at 
P((A, ui), S) = 0.5. In general, it is desirable to have 
the weighting factor be uniform in the middle and drop off 
to zero very quickly (cf. an ideal band-pass filter). We can 
achieve this by using the following function: 

WF((A,ui),S> = min(l.0, p* W((A,ui),S)} 

= min(l.0, p.P(l - P)} 

where P denotes P( (A, ui), S), and p 2 4.0 is a parameter 
that determines where and how fast the filter WF starts 
dropping off from its maximum value of 1 .O. For example, 
if p = 25 the filter is uniformly 1 .O for the interval 0.042 5 
P( (A, ui) 3 S) < 0.958. In general, the beginning and end 
of the 1 .O plateau range may be derived by solving for P in 
the equation: ,6 (P( 1 - P)) = 1 .O,whose solution is: 

p=;* __I* 

J 

1 

4 P 

Note that WF rises from 0.0 to 1 .O at a slope of approxi- 
mately ,0 for large ,0. We fix /3 at 25, a fairly large value. 

We now define the desired Tear measure for an attribute- 
value pair (A, ui) 

Tear((A, ~i), S) = WF((A, ~i), S) * Teurl((A, ui), S). 

Note that 0 5 Tear( (A, ui) , S) < 1. Also note that the tear 
measure is minimum either when the class vectors of SA=~% 
and SA+ are identical, or when one of the two subsets of 
S is empty. 

We now describe how attribute A with values 

{u1,u2,... , a,} is phantomized to produce the correspond- 
ing phantom attribute A’. We first evaluate the informa- 
tion entropy of each of the attribute-value pairs (A, ai), 
1 5 i 5 T as described in the GID3 algorithm to get 
E( (A, ai), S). We then choose the pair with the minimum 
entropy. Without loss of generality, let this value be al. al 
will be one of the values of the phantom attribute A’. What 
is left to be decided at this point is which of the remaining 
values (~2, . . . , a,} are to be admitted as values of A’ and 
which to group together under the value DEFAULT. 

Let Tl be the Tear value of the best entropy attribute-value 
pair (A,ul). Let this tear beTt = Tear((A,al), S), andlet 
S’ be the subset of S consisting of examples that have a value 
other than at for attribute A: S’ = SA+, = S - S,gza,. 
For each of the remaining values of A, (~2, . . . , a,}, com- 
pute the Tear of the attribute-value pair with respect to the 
set S’. That is Ti = Tear( (A, ui), S’). Every value ai 
whose tear value Ti is less than Tl, is considered irrele- 
vant and is grouped with others under the DE@NK.T value. 
Other values are considered relevant and are considered as 
proper values of the phantom attribute A’. Once the phan- 
tom attribute has been generated for each of the attributes, 
GID3* proceeds exactly as GID3. It evaluates Gain-r of 
each phantom attribute and selects the best phantom at- 
tribute for branching. 

from a measure other than entropy. Information entropy 
still plays the primary selection role since the best entropy 
value among the values of each attribute is selected, and the 
phantom attribute with the best information gain is selected. 
In GID3*, every phantom attribute is guaranteed at least two 
values: its best entropy value and DEFAULT. Note that in 
GID3 some attributes may not have corresponding phantom 
attributes. 

Note that in other systems, different phantomization (or 
subsetting) schemes have been proposed. In CART [I], a bi- 
nary partition of an attribute’s values is selected. In general 
this is exponential (except in case of 2-class problems) and 
is thus not feasible. ASSISTANT [9] also uses a partition 
scheme requiring extensive search. Partitions provide for a 
richer language than the extension that GID3* provides (re- 
stricted partitions of singletons and a default subset). In the 
case of GID3*, the complexity of determining the partition 
is linear in the number of attribute values. 

Empirical Evaluation of GID3 and 
In this section, we present empirical evidence that verifies 
our hypothesis that GID3 * produces better trees than GID3. 
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Figure 2: Results (number of leaves and error rates) for the RIE Domain. 

Average Ratios, SD for error rate (basis = GID3*) 

8 

GID3* 1 1.0 0.75 0.5 0.25 0.1 1 IDS-IV m3 Gm3* Il.0 0.75 0.6 0.25 0.1 I IDS-IV m3 

Grn3 GID3 

5 Average Ratios, SD for # leaves (basis = GID3*) 
I 

Figure 3: Average Ratios and SD for Random Domains. 

Since GID3 has a user-specified parameter TL, we have to 
compare the tree obtained from GID3* with the “best” tree 
obtained from GID3 with various settings of TL. 

Experiments on Synthetic RIE Data 

The first set of experiments were conducted on the data 
set from the RIE (Reactive Ion Etching in semiconductor 
manufacturing) domain described in [2]. The results ob- 
tained are shown in Figure 2 Also note that although both 
GID3 (with TL=l.O) and GID3* found the trees with the 
minimum number of leaves (eight), the two trees were ac- 
tually different (as evidenced by the different error rates). 
In general, GID3* did as well as or better than the best 
GID3 threshold both on compactness and accuracy. Since 
ID3 suffers from the missing branches problem, on some 
examples it may fail to make a prediction. The columns 
labelled (guess) for ID3 and ID3-IV show what happens if 
the algorithm makes an extra guess at random whenever it 
gets stuck with a missing branch. This is to demonstrate that 
CID3 and GID3* generalizations are not essentially making 

only “random guesses,” but more meaningful predictions. 

Experiments on Random Synthetic 

The next set of controlled experiments were conducted on 
synthetic randomly generated data extracted from randomly 
generated domains. The general procedure is to randomly 
generate a domain by selecting a random number of at- 
tributes, values for attributes, and classes. A decision tree is 
then constructed using an algorithm that randomly selects 
an attribute and a subset of its values to branch on. The 
algorithm flips a coin to determine whether or not to deem a 
node a leaf, and if so, randomly labels it with a class. This 
results in a decision tree that represents the rules govern- 
ing examples in the given domain. Examples of each leaf 
node are then generated randomly as in the synthetic RIE 
domain. On average, about 25 examples per leaf were gen- 
erated. The number of attributes varied between 8 and 20 
with each attribute’s range varying between 2 and 15 values. 
The number of classes varied between 4 and JO. 

As an example, one randomly generated domain had 9 
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Table 1: Details of the Data Sets in Empirical Evaluation. 

attributes, 6 classes, and a tree with 14 leaves (rules). A 
training set consisting of 25 examples per leaf and a test set 
of 50 examples per leaf were generated independently. The 
process was repeated 10 times. The averaged results for 
the various algorithms were recorded for that domain. The 
above procedure was repeated and results were collected for 
100 randomly generated domains. Since it does not make 
sense to average performance measures over different do- 
mains, we resorted to collecting the ratios of improvement 
for each domain, and then averaging the ratios over differ- 
ent domains. Figure 3 shows the average ratio of number of 
leaves and error rates. The basis of performance (denom- 
inator of ratio) is the corresponding GID3* result. Hence, 
GID3* takes the value 1 .O for the ratio in these figures. The 
second column shows the standard deviation for each of the 
average ratios given. 

Experiments on Real-World Discrete Data 

Finally, we conduct experiments to compare the perfor- 
mance of GID3, GID3*, and ID3 on some real-world do- 
mains. One issue needs to be clarified at this point. GID3 
and GID3* are designed to overcome the irrelevant values 
problem. If all attributes for a given data set are binary- 
valued, then the performance of GID3*, GID3, and ID3-IV 
on this data will be identical. Furthermore, if attributes are 
continuous-valued, then the “standard” method for handling 
them is to discretize them into a binary-valued attribute. We 
present a method for multiple-interval discretization and its 
benefits in [4,7]. Data sets with only binary-valued discrete 
attributes, or continuous-valued attributes will not be useful 
for comparison purposes. For comparisons on data with 
continuous-valued attributes see [4,7]. 

The data sets we used are are described in Table 1. 
HARR90 is a Semiconductor manufacturing data set ob- 
tained from Harris Corp. as part of an effort to construct 
an expert system for diagnosing transistor manufacturing 
defects. The other three were obtained from the U.C. Irvine 
ML data repository. Although the MUSHPM data has about 
8000 examples, it is an extremely “easy” learning task. With 
about 500 examples, all algorithms achieve error rates lower 
than 0.11%. For this reason we kept the training sets small 
(50-350). The results reported are averaged over 10 such 
runs. Also, the SOYBEAN data contains some undefined 
attribute values. The algorithm used by GID3 and GID3* 
to handle undefined attribute values is described in [4]. For 
the SOYBEAN data, we used the standard training and test 
sets provided in the database. For the others, we randomly 
sampled the data sets to obtain training and test sets. The 

results are averaged over 10 runs. The results, shown in 
terms of average error rate and number of leaves for each of 
the four domains in Figure 4, confirm that GID3* produces 
better trees than GID3, ID3-IV, and ID3. 

Using synthetic randomized domains and real-world data, 
we have empirically demonstrated that GID3 and GID3* 
outperform ID3. The trees generated using GID3* are su- 
perior to trees in the family of trees generated by GID3. 
The GID3 * trees are more compact, more reliable, and more 
general decision trees than their GID3 and ID3 counterparts. 
The improvement was achieved with a negligible increase 
in computational cost. Of course, this gives no guarantee 
that GID3* is always better than GID3 (for some optimal 
TL setting). However, empirical evidence, coupled with the 
fact that the TL parameter in GID3 complicates its applica- 
tion to industrial data, are enough reasons to tip the balance 
in favor of a parameter-free algorithm: GID3*. 

Further note that we have used data sets which contain 
only discrete-valued attributes. This is to isolate effects due 
to the discretization stage for continuous-valued attributes. 
Also, for binary-valued discrete attributes, the performance 
of ID3, GID3, and GID3* is identical. This limit the data 
sets useful for strict comparisons. Powerful results have 
been obtained on extensive data sets using GID3* (see [7]). 
For a real-world large scale application see [6]. However, in 
those papers it is difficult to isolate the improvement due to 
various factors. Finally, the interested reader is referred to 
[4,5] for a more detailed discussion of the branching prob- 
lem along with alternative (and more powerful) solutions. 

The goal of this paper is to present the GID3* algorithm as 
a possible solution to the branching decision problem. GID3 
is not considered a solution since it is not fully specified and 
is dependent on a user-specified parameter. It is indeed 
remarkable that the GID3* solution has proven empirically 
superior to GID3 at all of the TL settings evaluated. We have 
no formal explanation for this experimental observation. 
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Figure 4: Results for the Four Domains of Table 1. 
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