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Attribute Selection for Decision Tree Induction:
An Alternative Formulation

Decision trees, or more generally class-probability trees, are constructed by a greedy, divide-and-conquer
algorithm, which at each step has the goal of selecting from a set of attributes the one that best discriminates
a set of examples according to the classification. There is choice, and no consensus in the literature, about
the criterion for deciding which attribute to select, and a possible experiment is concerned with comparing
five such criteria, which we now discuss.

Suppose we have a problem with k classes C1, ..., C, and we wish to quantify the discriminatory utility
of an attribute A having m distinct values a1,...,a,,. We can show the cross-classification of class and
attribute values in a contingency table of the form [10]:
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The following proportions can then be defined:
pij = nij /N,
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We can define the information content [9] of each cell, class, and attribute as:
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From these, information gain is defined as: Gain = H.qss + Hattribute — Heeyy- Information gain means
information about class membership which is conveyed by attribute value.

Information gain is used to determine which attribute to employ at a given stage during tree induction,
but gain is far from the only such splitting criteria to be found in the literature.

Among the alternatives are:

1. The information gain ratio [3, 7, 8]: Gainratio = Gain/Hgttribute-



2. Distance measure 1 — dy [4]: 1 — dy = Gain/Heey

3. The p value obtained from the G statistic [5, 6]: G-statistic = 2 * N * Gain * log.2. Just as with the
more familiar x2 statistic, this p value gives the probability that an observed co-occurrence between
attribute value and classification occurred purely by chance.

4. The p value obtained from the classical x? statistic, where
2
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Here, O;; = n;; in the table, and E;; = p;p; V.

Any of these alternative measures can be used as a splitting criterion in tree and rule induction, with varying
effects on the form and content of the resulting models.

As an example, here is the contingency table breakdown for the attribute “squamous metaplasia” in a
database of 652 experiments [1]. (We use this attribute as an illustrative example only, not because of any
special significance.)

POSITIVE NEGATIVE

none: 258 374

urinary bladder: 4 0

nasal cavity: ) 3

larynx & nasal cavity: 0 2

larynx & nasal cavity & trachea: 0 1
salivary gland: 1 3

prostate: 1 0

The class and attribute sums are computed:

652 | 269 383
632 | 268 374
4 4 0
8 5 3
2 0 2
1 0 1
4 1 3
1 1 0

The proportions are therefore:

1.000 | 0.413 0.587
0.969 | 0.396 0.574
0.006 | 0.006 0.000
0.012 | 0.008 0.005
0.003 | 0.000 0.003
0.002 | 0.000 0.002
0.006 | 0.002 0.005
0.002 | 0.002 0.000

and the expected values for x2 purposes are:

652.000 | 269.000 383.000
632.000 | 260.748 371.252
4.000 1.650 2.350
8.000 3.301 4.699
2.000 0.825 1.175
1.000 0.413 0.587
4.000 1.650 2.350
1.000 0.413 0.587




Finally, the various splitting criteria can be compared as follows:

Gain Gain Ratio 1-Dn G stat p-value x? p-value
0.016 0.058 0.013 0.050 0.100

To assess whether to install the attribute “squamous metaplasia” in a tree or ruleset model, the value

of the splitting criteria we had chosen to use would then be compared to that value for all other unused
attributes [2]. Attributes are selected to minimize the p values; the other criteria are maximized.
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