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TABLE 2
Value Statistical Distribution

3 DISTRIBUTIONAL -INDEX-BASED DISCRETIZER

In order to discretize a continuous attribute, the number of
intervals and the borders of intervals have to be deter-
mined. If all numbers and borders of intervals are searched
to get the ObestO discretization solution, the computational
complexity is excessive, so a Top-Down Optimal Strategy
(TDOS) is applied to split an attribute into several
nonidentical intervals with different splitting points or
borders. The TDOS is similar to that in [7], but distributional
index concepts are applied here instead of Bayesian
probability. A compound decremerg applied to evaluate a
splitting operation instead of a set of intervals.

3.1 Definition of Dichotomic Entropy

Our approach for DIBD suggests that an interval is split by
a border value (or splitting point) and then the border is
adjusted to reach a minimum of the dichotomic entropy. Let
Vx 2 Vy, be a value of continuous attribute a and let Ng, 4,
represent the number of instances with decision value dy 2
Vg and value vy for attribute a;. Suppose that a; is split by
border value wvug (i.e., a splitting point). The number of
instances with decision dx and value adub vyq is repre-
sented by N, v, et -
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Vx  Vbd
The number of instances with value adup vy for all
decisions dy 2 Vy is represented by N v, et -
X
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The number of instances with decision dy and value
a;dub> vyq is represented by Ng,v,gright -
X

N di; Vo right Ya
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The number of instances with value adub> vyq for all
decision di 2 Vy is represented by N .v,right -
X
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In order to indicate instance number and homogeneity
degree over a decision space within an attribute value
interval, a decision distributional indexs defined as follows:

N Ok:Vstart! Vend .

EqVstart | VendP Y4 N d:veian ! Vena 092 N
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Here, Ng v veq FEPresents the number of instances
with decision value d¢ and attribute value between Vsar
and Vend, and Ny v...! verg FEPresents the number of instances
with attribute value from vstart 10 Veng for all decision values.

Now, clearly Eq®Vsart | Vend™Na veu! verg 1S ShannonOs
entropy in the interval for the decision space. Actually,
Ndeveat! ves=Naiveat! vens C8N b€ regarded as a probability.
The decision distributional indexs equal to the product of
Na veur! vers @nd the ShannonOs entropy. Thedecision dis-
tributional index thus depends not only on the entropy but
also on the number of instances falling in the interval. If
there are two intervals with the same distribution and a
different number of instances, entropy and probability
cannot identify them. In addition, applying the numbers
Na vean! vens 8N Ngovear! veng iNStead of probabilities as
variables for the equation, Eqdsiart ! VengP can be imple-
mented easily in online learning paradigms for dynamic
environments, i.e., the numbers can be incremented accord-
ing to a single value of a new instance. Suppose that the
new instance U3 Y &8y Ya 7,8, ¥a 3 az ¥a 3;au ¥4 1;d ¥4 0 Ppis
added to the instance information system in Table 1. Only
five numbers in Table 2 need to be updated as follows:
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If the probabilities instead of the numbers are stored, an
update of the probabilities requires all existing instances
and the new instance. We have called EqOvstart !  VengPthe
decision distributional indein order to indicate the difference
from the Shannon entropy. Note that
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Fig. 4. Attribute discretization for the Iris data set. (a) Splitting points for
A3 in the Iris data. (b) Splitting points for A4 in the Iris data. (c) Splitting
points for Al in the Iris data. (d) Splitting points for A2 in the Iris data.

user. The middle value is applied to transfer the integer
labels to real values. For example, splitting point at x ¥ 6 for
A4 is transferred to value d:6p 1:.0P=2 % 0:8. Transferred to
real values, the splitting points are shown in Table 4.

TABLE 4
Splitting Points for Attributes in the Iris Data

4.2 Controlling Maximal Interval Numbers

As the TDOS is applied, the maximal number of intervals is
easier to control by DIBD than other current approaches.
Different approaches were applied to the data set from [5].
The results are shown in Fig. 5. Splitting points marked
with asterisks were found using the DIBD. Splitting points
marked with squares were found using MDLPC. Splitting
points marked with triangles were found using Chimerge
with % 0:05. Splitting points marked with diamonds were
found using FUSINTER.

As the DIBD finds a splitting point for each running step,
the order number under an asterisk in Fig. 5 is the running
step number for obtaining the splitting point. In the DIBD
algorithm, the running step number can be controlled by
both the maximal number of splitting points and a thresh-
old value for compound distribution index. If the maximal
number is set to 4, the DIBD obtained four splitting points
that are the same as those for MDLPC and FUSINTER in
this case. If there is no control for the maximal number of
splitting points, the DIBD gives a very similar result to
Chimerge with % 0:05.

4.3 Application of DIBD to Multiple Benchmark

Data Sets
The DIBD was applied to improve the multiknowledge
approach [10], [15]. The multiknowledge approach with the
DIBD and without the DIBD was, respectively, applied to a
set of 16 benchmark data sets from the UCI Machine
Learning Repository. The decision accuracies under the ten-
fold cross validation standard are given in column MK in
Table 5. Subcolumn Org lists decision accuracies for the
multiknowledge approach without the discretizer. Subcol-
umn DIBD lists decision accuracies for the multiknowledge
approach with the adaptive discretizer. In order to compare
these with an unsupervised discretizer, subcolumn D5 lists
decision accuracies for the multiknowledge approach with a
5-identical-interval discretizer. Column Att shows attribute
numbers in the data sets. The string 060c600 indicates that
there are 60 attributes and 60 attributes are continuous
attributes. Column N is for instance numbers in the data
sets. The names with @ O indicate that some attribute
values are missing from the data set. The DIBD uses only

TABLE 3
Integer Labels of Attribute A4 Corresponding to Real Values
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Fig. 5. Comparison of different discretizers.

the known values to find a good discretization solution. The
missing values are handled by the multiknowledge
approach [10], decision tree learning, or the Bayes classifier.
The results for the DIBD in Table 5 are obtained under
a maximal number of five intervals. It can be seen that
the decision accuracies for most data sets are improved.
The multiknowledge approach with the DIBD improved
decision accuracies for 14 of the data sets. The DIBD was
also applied to the modified naive Bayes classifier. The
results are shown in the column Bayes The accuracies are
improved for 15 of the data sets. Although the C5.0 tree
contains a binary discretizer, the decision accuracies are
still improved for 13 of the data sets when the DIBD is
used for data preparation. In order to compare results
with that obtained using 5-identical intervals, the max-
imal number of intervals is set to 5. In fact, different
value distributions require different numbers of intervals
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Fig. 6. Value distribution of attribute 2 in the Australian data set.

as shown in Section 4.1. This is the reason that the
decision accuracy cannot be improved for some data sets
with complicated distributions for statistical numbers. For
example, the statistical distribution of Attribute 2 in the
Australian data set is shown in Fig. 6. It can be seen that
the value statistical distributions for both Decision 1 and
Decision 2 are very complicated. Therefore, a large
number of intervals is required to improve the decision
accuracy. If the maximal number of intervals is set to 7 in
the DIBD, the accuracies can reach 87.2 percent for the
naive Bayes classifier and 87.9 percent for the MK.

An experiment on different interval numbers has been
performed for the data set Anneal with the modified Bayes
classifier. The results are shown in Table 6. It can be seen
that the decision accuracy increases as the interval number
increases, and reaches maximum at interval number 20. If
the interval number limit is not applied to stop the splitting,
and the splitting is stopped at a compound index threshold
of 0.001, the decision accuracy can reach 95.9 percent. The
decision accuracy for the other data sets can also be
improved by cancelling the interval number limit. For
example, without the interval number limit the accuracy for
the Echocard data set can reach 82.0 percent. As most
symbolic Al approaches will encounter a large number of

TABLE 5
Comparable Results for DIBD Discretizer



