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Abstract. In a Multiple Scanning discretization technique the entire
attribute set is scanned many times. During every scan, the best cut-
point is selected for all attributes. The main objective of this paper is to
compare the quality of two setups: the Multiple Scanning discretization
technique combined with the C4.5 classification system and the inter-
nal discretization technique of C4.5. Our results show that the Multiple
Scanning discretization technique is significantly better than the inter-
nal discretization used in C4.5 in terms of an error rate computed by
ten-fold cross validation (two-tailed test, 5 % level of significance). Addi-
tionally, the Multiple Scanning discretization technique is significantly
better than a variant of discretization based on conditional entropy intro-
duced by Fayyad and Irani called Dominant Attribute. At the same time,
decision trees generated from data discretized by Multiple Scanning are
significantly simpler from decision trees generated directly by C4.5 from
the same data sets.

1 Introduction

Mining numerical data sets requires an additional step called discretization. Dis-
cretization is a process of transforming numerical values into intervals.

For a numerical attribute a with an interval [i, j] as a range, a partition of
the range into k intervals

{[i0, i1), [i1, i2), ..., [ik−2, ik−1), [ik−1, ik]},
where i0 = i, ik = j, and il < il+1 for l = 0, 1, ..., k − 1, defines a discretization
of a. The numbers i1, i2,..., ik−1 are called cut-points.

A new discretization technique, called Multiple Scanning, introduced in
[11,12], was very successful when combined with rule induction and a classifica-
tion system of LERS (Learning from Examples based on Rough Sets) [9]. The
novelty of this paper is a comparison of the C4.5 classification system applied to
data discretized using Multiple Scanning with C4.5 applied directly to the orig-
inal data sets with numeric attributes. Additionally, we compare the Multiple
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Scanning discretization technique with a variant of the well-known discretization
based on conditional entropy introduced by Fayyad and Irani [7,8] and called
Dominant Attribute [11,12].

In Multiple Scanning, during every scan, the entire attribute set is analyzed.
For all attributes the best cutpoint is selected. At the end of a scan, some sub-
tables that still need discretization are created. The entire attribute set of any
subtable is scanned again, and the best corresponding cutpoints are selected.
The process continues until the stopping condition is satisfied or the required
number of scans is reached. If the required number of scans is reached and
the stopping condition is not satisfied, discretization is completed by Dominant
Attribute, in which first the best attribute is selected, then for this attribute, the
best cutpoint, again using conditional entropy, is selected. This process contin-
ues recursively until the same stopping criterion is satisfied. Multiple Scanning
ends up with an attempt to reduce the number of intervals called merging. Since
Multiple Scanning uses Dominant Attribute as the last resort, if we skip scan-
ning, or equivalently set the required number of scans to zero, discretization is
reduced to Dominant Attribute. Thus we may include a comparison of Multiple
Scanning with Dominant Attribute. Typically, in Multiple Scanning the required
number of scans should be set to some small number. In our experiments, for all
data sets, after six scans the error rate computed using ten-fold cross validation
was constant, because new intervals created in consecutive scans were merged
together during the last step of discretization. The stopping criterion used in
this paper is based on rough set theory.

The main objective of this paper is to compare the quality of two setups: the
Multiple Scanning discretization technique combined with the C4.5 classification
system and the internal discretization technique of C4.5. For 12 numerical data
sets two sets of experiments were conducted: first the C4.5 system of tree induc-
tion was used to compute an error rate using ten-fold cross validation, then the
same data sets were discretized using Multiple Scanning and for such discretized
data sets the same C4.5 system was used to establish an error rate. Thus we
may compare two discretization techniques: Multiple Scanning with the internal
discretization of C4.5.

Our results show that the Multiple Scanning discretization technique is sig-
nificantly better than the internal discretization used in C4.5 or the Dominant
Attribute discretization in terms of an error rate computed by ten-fold cross
validation (two-tailed test, 5 % level of significance). Additionally, decision trees
generated from data discretized by Multiple Scanning are significantly simpler
than decision trees generated directly by C4.5 from the same data sets.

2 Entropy Based Discretization

Discretization based on conditional entropy of the concept given the attribute
is considered to be one of the most successful discretization techniques [2–8,10,
11,13–15,19,20].

An example of a data set with numerical attributes is presented in Table 1.
In this table all cases are described by variables called attributes and one variable
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called a decision. The set of all attributes is denoted by A. The decision is denoted
by d. The set of all cases is denoted by U . In Table 1 the attributes are Max Speed
and Number of Seats while the decision is Price. Additionally, U = {1, 2, 3, 4, 5,
6, 7}. For a subset S of the set U of all cases, an entropy of a variable v (attribute
or decision) with values v1, v2,..., vn is defined by the following formula

HS(v) = −
n∑

i=1

p(vi) · log p(vi),

where p(vi) is a probability (relative frequency) of value vi in the set S, i =
0, 1, ..., n. All logarithms in this paper are binary.

Table 1. An example of a data set with numerical attributes

Case Attributes Decision Price

Max Speed Number of Seats

1 280 2 very-high

2 220 4 small

3 180 5 small

4 220 5 medium

5 220 2 high

6 280 4 medium

7 180 4 small

A conditional entropy of the decision d given an attribute a is

HS(d|a) = −
m∑

j=1

p(aj) ·
n∑

i=1

p(di|aj) · log p(di|aj),

where a1, a2, ..., am are all values of a and d1, d2, ..., dn are all values of d, all
values are restricted to S. There are two fundamental criteria of quality based
on entropy. The first is an information gain associated with an attribute a and
defined by

IS(a) = HS(d) − HS(d|a)
the second is information gain ratio, for simplicity called gain ratio, defined by

GS(a) =
IS(a)
HS(a)

.

Both criteria were introduced by J.R. Quinlan, see, e.g., [18] and used for decision
tree generation.
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Let a be an attribute and q be a cutpoint that splits the set S into two
subsets, S1 and S2. The conditional entropy HS(d|q) is defined as follows

|S1|
|U | HS1

(a) +
|S2|
|U | HS2(a),

where |X| denotes the cardinality of the set X. The cut-point q for which the
conditional entropy HS(d|q) has the smallest value is selected as the best cut-
point. The corresponding information gain is the largest.

2.1 Stopping Criterion for Discretization

A stopping criterion of the process of discretization, described in this paper, is
the level of consistency [3], based on rough set theory [16,17]. For any subset B
of the set A of all attributes, an indiscernibility relation IND(B) is defined, for
any x, y ∈ U , in the following way

(x, y) ∈ IND(B) if and only if a(x) = a(y) for any a ∈ B,

where a(x) denotes the value of the attribute a ∈ A for the case x ∈ U . The
relation IND(B) is an equivalence relation. The equivalence classes of IND(B)
are denoted by [x]B and are called B-elementary sets. Any finite union of B-
elementary sets is B-definable.

A partition on U constructed from all B-elementary sets of IND(B) is
denoted by B∗. {d}-elementary sets are called concepts, where d is a decision.
For example, for Table 1, if B = {Max Speed}, B∗ = {{1, 6}, {2, 4, 5}, {3, 7}}
and {d}∗ = {{1}, {2, 3, 7}, {4, 6}, {5}}. In general, arbitrary X ∈ {d}∗ is not
B-definable. For example, the concept {2, 3, 7} is not B-definable. However, any
X ∈ {d}∗ may be approximated by a B-lower approximation of X, denoted by
BX and defined as follows

{x | x ∈ U, [x]B ⊆ X}
and by B-upper approximation of X, denoted by BX and defined as follows

{x | x ∈ U, [x]B ∩ X �= ∅}.
In our example, B{2, 3, 7} = {3, 7} and B{2, 3, 7} = {2, 3, 4, 5, 7}.

The B-lower approximation of X is the greatest B-definable set contained in
X. The B-upper approximation of X is the least B-definable set containing X.
A level of consistency [3], denoted by L(A), is defined as follows

L(A) =

∑
X∈{d}∗ |AX|

|U | .

Practically, the requested level of consistency for discretization is 1.0, i.e., we
want the discretized data set to be consistent. For example, for Table 1, the level
of consistency L(A) is equal to 1.0, since {A}∗ = {{1}, {2}, {3}, {4}, {5}, {6},
{7}} and, for any X from {Price}∗ = {{1}, {2, 3, 7}, {4, 6}, {5}}}, we have
AX = X. Additionally, L(B) ≈ 0.286.
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Table 2. Partially discretized Table 1 using Multiple Scanning

Case Attributes Decision Price

Max Speed Number of Seats

1 [280, 280] [2, 4) very-high

2 [180, 280) [4, 5] small

3 [180, 280) [4, 5] small

4 [180, 280) [4, 5] medium

5 [180, 280) [2, 4) high

6 [280, 280] [4, 5] medium

7 [180, 280) [4, 5] small

2.2 Multiple Scanning Strategy

This discretization technique needs some parameter denoted by t and called the
total number of scans. In Multiple Scanning algorithm,

– for the entire set A of attributes the best cutpoint is computed for each
attribute a ∈ A, based on minimum of conditional entropy HU (d|a), a new
discretized attribute set is AD, and the set U is partitioned into a partition
(AD)∗,

– if the number t of scans is not reached, the next scan is conducted: we need to
scan the entire set of partially discretized attributes again, for each attribute
we need only one cutpoint, the best cutpoint for each block X ∈ (AD)∗ is
computed, the best cutpoint, among all such blocks is selected,

– if the requested number t of scans is reached and the data set needs
more discretization, the Dominant Attribute technique is used for remaining
subtables,

– the algorithm stops when L(AD) = 1, where AD is the discretized set of
attributes.

We illustrate this technique by scanning Table 1 once, i.e., t = 1. First we
are searching for the best cut-point for both attributes, Max Speed and Num-
ber of Seats. For the attribute Max Speed there exist two potential cutpoints:
220 and 280 with three potential intervals: [180, 220), [220, 280) and [280, 280].
The corresponding conditional entropies are

HMax Speed(220, U) =
5
7
((−1

5
· log

1
5
)(3) + (−2

5
· log

2
5
)) +

2
7
(0) ≈ 1.373,

HMax Speed(280, U) =
5
7
((−1

5
· log

1
5
)(2) + (−3

5
· log

3
5
)) +

2
7
(1) ≈ 1.251.

The better cutpoint is 280. Similarly, there are three potential cutpoints for the
attribute Number of Seats: 4 and 5, with three potential intervals: [2, 4), [4, 5)
and [5, 5]. The corresponding conditional entropies are

HNumber of Seats(4, U) =
5
7
((−3

5
· log

3
5
) + (−2

5
· log

2
5
)) +

2
7
(1) ≈ 0.979,
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HNumber of Seats(5, U) =
5
7
((−1

5
· log

1
5
)(3) + (−2

5
· log

2
5
)) +

2
7
(1) ≈ 1.229.

The better cut-point is 4. Table 1, partially discretized this way, is presented as
Table 2.

The level of consistency for Table 2 is 0.429 since A∗ = {{1}, {2, 3, 4, 7},
{5}, {6}}, we need to distinguish cases 2, 3, and 7 from the case 4. Therefore we
need to use the Dominant Attribute technique for a subtable, with four cases, 2,
3, 4 and 7. This data set is presented in Table 3.

Table 3. The remaining data set that still needs discretization

Case Attributes Decision Price

Max Speed Number of Seats

2 220 4 small

3 180 5 small

4 220 5 medium

7 180 4 small

3 Experiments

Our experiments were conducted on 12 data sets available on the University of
California at Irvine Machine Learning Repository, with the exception of bank-
ruptcy. The bankruptcy data set is a well-known data set used by E.I. Altman
to predict a bankruptcy of companies [1].

Both discretization methods, Multiple Scanning and C4.5, were applied to
all data sets, with the level of consistency equal to 100 %. For a choice of the
best attribute, we used gain ratio.

Table 4 presents results of ten-fold cross validation, using increasing number
of scans. Obviously, for any data set, after some fixed number of scans, an error
rate is stable (constant). For example, for Australian data set, the error rate
is 14.93 % for the scan number 4, 5, etc. Thus, any data set from Table 4 is
characterized by two error rates: minimal and stable [12]. For a given data set,
the smallest error rate from Table 4 is called minimal and the last entry in
the row that corresponds to the data set is called stable. For example, for the
Australian data set, the minimal error rate is 13.48 % and the stable error rate
is 14.93 %. For some data sets (e.g., for bankruptcy), minimal and stable error
rates are identical.

Table 5 presents the size of decision trees generated from all 12 data sets
discretized by Multiple Scanning. In Table 6 error rates are shown for decision
trees generated directly by C4.5 and for the decision trees generated by C4.5
from data sets discretized by Multiple Scanning, only the minimal error rates
are presented with the corresponding scan numbers. Finally, Table 7 presents tree
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Table 4. Error rates for Multiple Scanning

Data set Error rate for scan number

0 1 2 3 4 5 6

Australian 14.49 13.48 13.77 14.93

Bankruptcy 10.61 3.03 3.03

Bupa 41.74 29.86 30.43 29.28 29.86

Connectionist bench 27.89 16.83

Echocardiogram 27.03 14.86 14.86 24.32 22.97

Glass 34.11 30.84 28.50 24.77 25.23 27.10 26.64

Image segmentation 13.81 18.10 11.90 12.38

Iris 5.33 5.33 4.67

Pima 27.73 25.78 24.09 24.61 25.00 26.17

Wave 32.81 23.05 26.17 24.80

Wine recognition 7.87 3.93

Yeast 56.40 53.84 54.65 51.75 51.75 51.75

Table 5. Tree size for Multiple Scanning

Data set Tree size for scan number

0 1 2 3 4 5 6

Australian 3 13 26 27

Bankruptcy 14 3 4

Bupa 13 10 9 11 20

Connectionist bench 6 31

Echocardiogram 13 5 10 7 7

Glass 126 72 67 58 40 40 40

Image segmentation 16 33 24 24

Iris 6 4 4

Pima 73 34 27 44 49 48

Wave 7 55 94 105

Wine recognition 8 11

Yeast 414 276 491 362 458 442

size for decision trees generated directly by C4.5 and for decision trees generated
by C4.5 from data sets discretized by Multiple Scanning.

It is clear from Tables 4–7 that the minimal error rate is never associated
with 0 scans, i.e., with a special case of the Multiple Scanning discretization
technique: Dominant Attribute. Using the Wilcoxon matched-pairs signed-ranks
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Table 6. Error rates for C4.5 and the best results of Multiple Scanning

Data set C4.5 Multiple Scanning

Error rate Error rate Scan number

Australian 16.09 13.48 1

Bankruptcy 6.06 3.03 1

Bupa 35.36 29.28 3

Connectionist bench 25.96 16.83 1

Echocardiogram 28.38 14.86 1

Glass 33.18 24.77 3

Image segmentation 12.38 11.90 2

Iris 5.33 4.67 2

Pima 25.13 24.09 2

Wave 26.37 23.05 1

Wine recognition 8.99 3.93 1

Yeast 44.41 51.75 3

Table 7. Tree size for C4.5 and the best results of Multiple Scanning

Data set C4.5 Multiple Scanning

Australian 63 13

Bankruptcy 3 3

Bupa 51 11

Connectionist bench 35 31

Echocardiogram 9 5

Glass 45 58

Image segmentation 25 24

Iris 9 4

Pima 43 27

Wave 85 55

Wine recognition 9 11

Yeast 371 362

test, we conclude that the following three statements are statistically significant
(with the significance level equal to 5 % for a two-tail test):

– the minimal error rate associated with Multiple Scanning is smaller than the
error rate associated with Dominant Attribute,

– the minimal error rate associated with Multiple Scanning is smaller than the
error rate associated with C4.5,

– the size of decision trees generated from data discretized by Multiple Scanning
is smaller than size of decision trees generated directly by C4.5.
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4 Conclusions

This paper presents results of experiments in which three different techniques
were used for discretization: Multiple Scanning, the internal discretization of
C4.5, and Dominant Attribute. All techniques were validated by conducting
experiments on 12 data sets with numerical attributes. Our discretization tech-
niques were combined with decision tree generation using the C4.5 system.
Results of our experiments show that the Multiple Scanning technique is signif-
icantly better than discretization included in C4.5 and that decision trees gen-
erated from data discretized by Multiple Scanning are significantly simpler than
decision trees generated directly by C4.5 from the same data sets (two-tailed test
and 0.05 level of significance). Additionally, the Multiple Scanning discretization
technique is significantly better than the Dominant Attribute technique. Thus,
we show that there exists a new successful technique for discretization.
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