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Abstract

We propose a simple heuristic partition method (HPM) of classification tree to improve efficiency in the search for split-
ting points of numerical attributes. The proposal is motivated by the idea that the selection process of candidates in the
splitting point selection can be made more flexible as to achieve a faster computation while retaining classification accu-
racy. We compare the performance of the HPM against Fayyad’s method, as the latter is the improved version of the stan-
dard C4.5 algorithm on the search of splitting points. We demonstrate that HPM is more efficient, in some cases by as
much as 50%, while producing essentially the same classification for six different data sets. Our result supports the relax-
ation of instance boundaries (RIB) as a valid approach that can be explored to achieve more efficient computations.
� 2006 Elsevier Inc. All rights reserved.
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1. Introduction

Data mining is one of the most actively researched areas in information science with important real world
applications (e.g. [15,17–19]). The task of data mining can be defined as the process of selection and explora-
tion of large databases to discover models and patterns. For example, an enterprise may want to uncover use-
ful information embedded in its available large databases of consumer information to facilitate its business
decision-making. One of such tasks in data mining is classification, the aim of which is to build a model or
a classifier for a given set of pre-classified examples, to classify categories of new events. Among the numerous
approaches are regressions, Bayesian models, neural nets and classification trees just to name a few. In
particular, a classification tree, or decision tree, is a useful choice when the tasks are to classify or predict
outcomes and to generate easy-to-interpret rules.
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A classification tree is typically constructed top-down, and a pre-classified training data set is split at each
node by some criterion, utilizing an attribute (feature), into partitions. The building process is known as
‘‘recursive partitioning’’ as the splitting is iterated until all useful splits have been exhausted. The goodness
of the available attributes is evaluated by an impurity measure to determine the most useful attribute for
the split. Breiman et al. proposed the Gini criterion as the impurity function in classification and regression

trees (CART) [3], and, alternatively, Quinlan proposed the ID3 classification tree algorithm in 1986 [28]
and later the C4.5 algorithm in 1993 [29] using entropy (specifically as Information Gain and Gain Ratio).

Although C4.5 has been highly successful, it performs poorly on the search for splitting points of numerical
attributes [13,14]. Numerous subsequent partition methods have been proposed (e.g. [30,35]) to improve the
search efficiency, but many of them exhibit a limited success. Fayyad and Irani made the significant improve-
ment over C4.5, in both efficiency and classification accuracy, by modifying the candidate selection for split-
ting points utilizing the important finding that only boundary points need to be considered as candidates [13].
The method, referred to as Fayyad’s method, currently stands as the standard benchmark in the search for
splitting points of numerical attributes. There are also numerous studies tackling different technical aspects,
such as selection bias (e.g. [10,33,34]). In medical and financial applications, it is important that a classifier
should give the estimate degrees of all potential classes. The classifiers should avoid classifying an instance into
only one class.

In this work, we construct a HPM to further improve over both the C4.5 algorithm and Fayyad’s method.
The proposal is motivated by the idea that a more relaxed grouping scheme in the candidate selection of split-
ting points can reduce the number of unnecessary candidates further. The focus of this work, then, is to design
an applicable grouping scheme that improves the search efficiency while retaining comparable classification
result. We will refer to this approach as the relaxation of instance boundaries, or RIB.

This paper is organized as follows. In Section 2 we present an overview of the necessary materials under-
lying this work. In Section 3 we present our proposal for a HPM based on a relaxed grouping scheme in the
splitting point selection. In Section 4, we present our results and compare them with Fayyad’s method. In Sec-
tion 5 the conclusion will be presented.

2. Classification tree overview

The top-down induction of decision trees (TDIDT) is a method for the task of concept learning (supervised
learning) in the construction of classification trees. The aim of top-down induction of decision trees is to find a
decision tree that is as small as possible and fits the data, because it is assumed that it is likely to find a good
generalization of the training data that way. A tree is first built as a given set of pre-classified training examples
is partitioned recursively according to a chosen attribute at each node, then a bottom-up tree pruning process
follows to remove unreliable branches. The tree-building process is further divided into three steps: attributes
evaluation, splitting point selection and training data partition. We will describe the selection of splitting point
candidates in greater detail since different schemes in this step is the main motivation behind this work. Read-
ers who are interested in greater details or other recent works are referred to the references listed [4–
6,9,16,20,21], especially those of Fayyad and Irani [12–15]. The overview is intended to be minimal, and we
do not discuss tree pruning.

2.1. Inductive learning

Inductive learning is the model building process in which an environment or database is analyzed to find
patterns. Similar objects are grouped into classes and rules are formulated whereby it is possible to predict the
class of new objects. This process of classification identifies classes that are characterized by a unique value or
pattern that forms the class description.

In the supervised inductive learning, a supplied training dataset xi with defined classes is employed to fit the
function f(xi) = yi where yi are the output. The classifier f can be tested with a test data set for accuracy, or be
used to classify new data. The classification of new data is performed according to the probability calculation
as described in the following. For the distribution of data P(D = c) with the training data set D and
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c = 1,2, . . ., as the cth class, and the classification model P(FjD = c), where F is the feature vector of training
dataset describing the instances, the output of the classification, P(D = cjF), is given by

P ðD ¼ cjFÞ / P ðFjD ¼ cÞP ðD ¼ cÞ: ð1Þ
Eq. (1) shows the relationship between the classification model and the training data distribution. The feature
vector F is composed of several features Fi as

P ðFjD ¼ cÞ ¼
Y

i

P ðF ijD ¼ cÞ: ð2Þ

The form for classification differs between categorical and numerical attributes, which we explain below
separately.

A categorical attribute A has a split of the form A 2 V 0, where V 0 � V and V is the set of all possible values of
attribute A. As in Fig. 1, the values of the ‘‘income’’ attributes are ‘‘High’’ and ‘‘Low’’ and are split into two
branches: left branch ‘‘Income = High’’ and the right branch ‘‘Income = Low’’. The Time Complexity of the
partition is O(2n) for categorical attributes, where n is the number of possible partitions of an attribute. Clearly,
the computational demand increases dramatically with increasing n and this prompted some researchers to apply
a threshold as a control. For example, Shih proposed a successful partition method for categorical attributes [32].

A numerical attribute A has a binary split of the form A 6 v, where v is a real number. The conditions for
the left and right branches are A 6 v and A > v, respectively. For example, in the partition of ‘‘Age’’ attribute
in Fig. 1, the left branch corresponds to ‘‘Age < = 20’’ and the right branch to ‘‘Age > 20’’. The Time Com-
plexity of the partition is O(n) for numerical attributes.

Most of TDIDT algorithms such as ID3, C4.5, CART, SLIQ [25] and SPRINT [31] has built binary trees
for numerical attributes. Berzal et al. proposed the multi-way decision trees with numerical attributes to
reduce the tree complexity without decreasing classification accuracy [1].

The table in Fig. 1(a) exhibits the training data for constructing a classification tree that classifies potential
customers for car dealers. In Fig. 1(b), the output variable has two classes – either ‘‘Yes’’ (Buy) or ‘‘No’’ (Not
Buy). The tree model is a top-down decision mode where the root and the internal nodes are the decisions of
the tree model. Hence, the classification or prediction is obtained from the sequence of decisions.

2.2. Top-down tree building

The training data are partitioned recursively, according to a chosen attribute at each node, until all training
data are partitioned to the same class (see Fig. 2). For categorical attributes, a training dataset T is split into
two or more sub-training datasets Ti, i = 1,2, . . . , j. For numerical attributes, T is split into two sub-training data-
sets T1 and T2.

The impurity function /(p1,p2, . . . ,pi) is the splitting index to evaluate the goodness of attributes to deter-
mine the optimal one for the split. Breiman et al. proposed Gini function [3], while Clark and Pregibon [8] and
Quinlan [28] utilize entropy for the evaluation process. The two forms are defined as

GiniðT Þ ¼ 1�
X

i

p2
i ; ð3Þ

EntropyðT Þ ¼ �
X

i

pilog2pi; ð4Þ

(Age <= 20)

(Income = High)

Yes

18

23

40

19

25

45

Low

High

High

High

High

Low

No

Yes

Yes

No

Yes

No

Age Income Class
(Age > 20)

No

(Income = Low)

No

Fig. 1. A classification tree example.
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where pi is the relative frequency of class of ith class in the training dataset T. The Gini-based CART is a pow-
erful algorithm that has been extensively studied (e.g. [20,23,26]) but is available as licensed software. The
entropy-based C4.5, on the other hand, is a free distribution.

2.2.1. Attributes evaluation

At each node, available attributes are evaluated on the basis of separating the classes of the training exam-
ples. The choice of splitting attribute is made by selecting the attribute that will partition the original sample
into sub-samples that are as homogenous as possible in relation to the class variable. The Information Gain,
applied in ID3, is a popular impurity criterion that measures the average purity of the subsets produced by an
attribute. Gain Ratio is a modification of Information Gain that reduces the bias on high-branch attributes, and
is employed in C4.5, Fayyad’s method and our HPM.

All three methods mentioned above uses entropy as a measure of available information associated with the
nodes. Let S be a set consisting of s data samples with m distinct classes, Ci, I = 1,2, . . . ,m, and let si as the
number of samples of S in Ci, then the Information is conveyed via entropy as

IðT Þ ¼ �
Xm

i¼1

pilog2pi; ð5Þ

where pi is the probability that an arbitrary sample belongs to class Ci, and is estimated by si/s.
Suppose a test attribute A has v distinct values {a1,a2, . . . ,av} used to split S into v subsets, {S1,S2, . . . ,Sv},

where Sj contains samples having value aj, then the subsets correspond to the branches grown from the node
containing S. Denoting sij to be the number of samples of class Ci in subset Sj, the Expected Information of
attribute A is evaluated as

EðAÞ ¼
Xv

j¼1

s1j þ � � � þ smj

s
Iðs1j; . . . ; smjÞ ð6Þ

with the term
s1jþ���þsmj

s as the weight of the jth subset in S having value aj of A, and the information of that
subset is

Iðs1j; . . . ; smjÞ ¼ �
Xm

i¼1

pijlog2pij; ð7Þ

where pij = sij/Sj is the probability that a sample in Sj belongs to class Ci. The Information Gain of attribute A,
quantifying the change after the split, is given by

GainðAÞ ¼ IðT Þ � EðAÞ: ð8Þ

Tree_Building(Training Data T)
        Partition(T);

Partition(T)
        If (all instances are the same class) then Return;
        Evaluate all attributes
            and Select the best attribute (A);
        Select the best partition point
            on the attribute (A);
        Split T into Ti;
        Partition(Ti);

Fig. 2. Tree building algorithm.
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Finally, the Gain Ratio (GR) defined as

GRðAÞ ¼ GainðAÞ
IðAÞ ð9Þ

with

IðAÞ ¼
Xv

j¼1

Sj

S
log2

Sj

S
: ð10Þ

The criterion of the test attribute selection is to choose the attribute with maximum GR(A).

2.2.2. Splitting point selection

After a test attribute is selected, we search for the optimal splitting point among the instances regarding the
test attribute. The instances are sorted according to the attribute value in ascending order (Fig. 3), and after
which we compute the chosen Information function, according to the method specified, for the selected can-
didates. The one with maximal Information is then chosen as the splitting point. C4.5, Fayyad’s method
and the HPM utilize Information Gain, but differ in the selection process of the splitting point candidates.
We explain briefly the selection process of C4.5 and Fayyad’s method, but we defer presenting our modifica-
tion according to RIB until the subsequent section.

2.2.2.1. Splitting point selection – C4.5. C4.5 measures the splitting point regarding all available instances. If
the training dataset contains n instances (assuming all instances have distinct values), then C4.5 algorithm
evaluates n � 1 candidates and selects the one with optimal Information Gain as the splitting point. For exam-
ple, as there are 10 instances in Fig. 3, the C4.5 algorithm performs 9 evaluations (candidate a,b, c,d, e, f, g,h, i)
from the 10 instances.

The C4.5 algorithm is maximally inefficient in the search for splitting of numerical attributes since it eval-
uates all instances indiscriminately. For a large training data set, as in a typical machine learning application,
this selection criterion is relatively expensive for handling numerical attributes.

2.2.2.2. Splitting point selection – Fayyad’s method. Fayyad and Irani pointed out an inherent weakness in C4.5
which results in ‘‘bad’’ splitting points when more than two classes are present (Fig. 4) [13]. Their analysis of
the binarization technique proved that optimal splits always fall on boundary points, independent of number
of classes and their distribution (see Fig. 5). Hence, substantial reduction in time consumption can be obtained
by considering only the boundary points need to be considered as potential candidates.

Fayyad’s method overcomes the inefficiency by evaluating only the boundary points between classes (see
Fig. 5). This method reduces the search time for the splitting points, but it has a drawback that it is inefficient

Attribute
value

Class

4.3

4.4

4.5

4.6

4.7

5.8

6.6

6.9

7.3

8.4

C2

C1

C2

C1

C2

C1

C1

C1

C1

C2

After Sorting

Candidate

a

b

c

d

e

f

g

h

i

Fig. 3. Splitting point selection – C4.5.
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if the attribute is uniformly distributed, and the number of candidates of splitting point is approximately
n � 1. However, in this work we will not address this issue and the chosen data sets do not encounter this par-
ticular situation.

2.2.3. Training data partition
The splitting point, or threshold, is used as the decision condition of the node to split the training data T

into partitions T1 and T2 (see Fig. 6). The sub-training data is partitioned recursively, iterating the 3-step pro-
cess, until all instances have been classified into partitions of the same class.

2.3. Other construction methods for numerical attributes

One difficulty in selecting the splitting point is that the values of numerical attributes are continuous. Some
have suggested discretizing data to reduce the partition complexity via Equi-interval or Unequi-interval meth-
ods (see Fig. 7). Unfortunately, it has been proved that this discretization method can reduce accuracy. Nev-
ertheless, the discretization process of numerical attributes is an important problem for classification tree
learning. Dougherty et al. [11], Berzal et al. [1], Fayyad and Irani [14] and Liu et al. [24] have shown that dis-
cretization techniques can be successfully employed to build classification trees.

In some situations multi-interval discretization may perform better than binary discretization, and build
decision trees that are more compact and more accurate. For example, Perner and Trautzsch [27] have exam-
ined four multi-interval discretization methods for induction of decision trees used in dynamic fashion. Kim
and Loh have also worked on multiway methods considering bias [21].

Potential splitting  point

Class 1 Class 2 Class 3

Class 1 Class 2 Class 3

Bad splitting  point

The instances are sorted
by values of attribute A

Increasing

The instances are sorted
by values of attribute A

Increasing

Fig. 4. Bad and potential splitting points.
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Fig. 5. Splitting point selection – Fayyad’s method.
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Some approaches adopt an alternative view. For example, Chu regarded classification as a merging prob-

lem and proposed a bottom-up merging method to construct classification trees (see Fig. 8) [7]. However,
although this method performs well for two classes, it has not been shown to work efficiently for more classes.

Age

0 100

Age

0 100

30 55

20 40 60 80

Equi-interval

Unequi-interval

Youth Middle Old

1 2 3 4 5

Age

0 100

Fig. 7. Discretization.
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Attribute
value

Class
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6.6

6.9

7.3

8.4
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C1
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Fig. 6. Training data partition.
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Fig. 8. Bottom-up construction.
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Zhang and Wu used a binning approach to reduce the search time for splitting point [36]. They binned
training data into histograms and then projected on a horizontal axis by the attribute. In Fig. 9 shows an
example with A = {V1,V2, . . . ,V9} as the attribute with values The white rectangles represent the binned train-
ing data of Class 1, the gray rectangles represent that of Class 2, and the vertical axis shows the frequency of
Vi. The splitting point is determined from the boundary of Class 1 and Class 2. Although this method reduces
the searching time of splitting point, it also reduces the classification accuracy.

3. The RIB proposal for the HPM

Our idea is motivated by the realization that Fayyad’s method can be relaxed further without compromis-
ing classification accuracy. The basic premise is that the information of instances and their collective pattern is
not lost under some other different, but appropriately constructed, grouping schemes. We therefore seek to
construct a minimal modification of Fayyad’s splitting point selection to illustrate this point. We do not mod-
ify either attributes evaluation or training data partition.

Most obviously, we seek a modification which will reduce the number of splitting point candidates, pro-
vided that the algorithm does not inaccurately remove candidates that are legitimate. The minimal approach
is to eliminate situations where a single isolated instance is located amidst instances of another class. For
example, an instance of class 2 may be located between two instances of class 1.

Different from Fayyad’s approach, we do not identify a splitting point candidate in this situation but
accepts this isolated instance into the group – thus it is considered as a ‘‘noise’’. We carefully point out that
this is not the unique grouping choice even in this minimal modification, but nevertheless a definitive result
showing a faster search speed suffices to validate the working of RIB. In addition, we have only considered
a very simple situation in the distribution of instances, and that other situations may exist.

Fig. 10 demonstrates graphically the different possible data distributions in the training data. One situation
is where adjacent instances are of the same class (situation 1), and the other situation is the mixed case where
adjacent instances are of different class (situation 2).

In this illustration, there are six splitting point candidates according to Fayyad’s partition method (see
Fig. 11) and they are labeled into five partition situations with respect to how they occur with respect to
the data distribution. In partition situation 1, 2, 3 and 4, the corresponding splitting points are ‘‘a’’, ‘‘b’’,
‘‘c’’ and ‘‘d’’. In partition situation 5, the splitting points are ‘‘e’’ and ‘‘f’’.

Fayyad proved that the splitting point always occurs on the boundary points between classes, and used this
fact to reduce the searching time over C4.5. However, the strict selection process in Fayyad’s method can still
result in inefficient partition situations where irrelevant splitting candidates are selected.

As shown in Fig. 12, if the splitting points occur in S2 and S4 (corresponding to points ‘‘b’’, ‘‘e’’ and ‘‘f’’ in
Fig. 11) where adjacent instances are of different classes, the partition does not improve the resulting classi-
fication. The HPM is a more discriminatory design constructed to obviate this unnecessary identification
by default.

We give a pedagogical explanation of the grouping scheme in HPM. First we consider grouping neighbor-
ing data that are of the same class (see Group A and B in Fig. 13, corresponding to situation 1 in Fig. 10), and

Frequency

Attriubte A

Splitting Point
Class 1
Class 2

V1 V2 V3 V4 V5 V6 V7 V8 V9

Fig. 9. Search of splitting point in Zhang and Wu’s method.
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then in the second grouping, the ungrouped data are grouped with previously grouped data to form new
groups (see Groups A 0 and B 0 in Fig. 13.). Clearly in this scheme, the selection of candidates is more relaxed
than Fayyad’s method.

T1 T2

T
S1 S2 S3 S4
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a

b

c

d

e

f

T1 T2

T
S1 S2 S3 S4

T1 T2

T
S1 S2 S3 S4

Partition Situation 2

Partition Situation 4

T1 T2

T
S1 S2 S3 S4

Partition Situation 5

Fig. 11. Five partition situations according to Fayyad’s method.
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Fig. 10. Data distribution.
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After the second time grouping, the candidates of splitting points then lie between the groups, such as point
‘‘a’’ between Groups A 0 and B 0. This simple procedure satisfies our goal in eliminating candidates that are the
result of isolated instances as previously explained. Finally, we compute the Information Gain of the splitting
point candidates and select the one with maximal information as the splitting point.

4. Experiment and results

In this section we compare the performance of the HPM with Fayyad’s method. Experiments are carried
out on six databases from the UC Irvine Machine Learning Repository [2]: They are Glass Identification data
set, Pima Indians Diabetes date set, Thyroid Disease data set, Liver-disorders data set, Iris plant data set and
Wine recognition data set. All sets contain no missing values. The properties of these databases have been
listed in Table 1.

Glass identification: The set contains 6 classes and 9 attributes. The number of instances is 70, 17, 76, 13, 9
and 29 for the six classes, respectively. The attributes are the data of the percentage of Fe, Na, Mg, Si, Ca, etc.,
in the glass.
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Fig. 12. Inefficient partition situation in Fayyad’s method.
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Fig. 13. Grouping in the heuristic partition method.
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Pima Indians diabetes: This is the diabetes medical data set of two classes: positive and negative for diabetes.
The positive class has 268 instances and the negative class has 500 instances. All attributes are the data of
patients. In particular, all patients are females at least 21 years old of Pima Indian heritage.

Thyroid disease: This database has 3 classes, namely normal, hyper and hypo, and 5 attributes. There are
150 instances for the normal class, 35 instances for the hyper class and 30 instances for the hypo class. The 5
attributes are used to classify a patient’s thyroid as euthyroidism, hypothyroidism or hyperthyroidism.

Liver-disorders: This set contains the liver disorders medical data of two classes. There are 6 numerical attri-
butes and 345 instances: 145 for class 1 and 300 for class 2. The first 5 variables are blood tests that are
believed to be sensitive to liver disorders and may arise from excessive alcohol consumption. The last variable
is the number of half-pint equivalent of alcoholic beverages consumed per day.

Iris plant: This database is well known in multivariate analysis and also in pattern recognition. This data-
base contains three types (classes) of iris and there are 50 data (instances) for each type. The four numerical
attributes are sepal length, sepal width, petal length and petal width.

Wine recognition: This dataset contains three types: class 1 has 59 instances, class 2 has 71 instances and
class 3 has 48 instances. These data are the results of a chemical analysis of wines grown in the same region
in Italy but derived from three different cultivars. The analysis determined the quantities of 13 constituents
found in each of the three types of wines.

The comparison with Fayyad’s method is based on three criteria: search time for splitting points, tree size
(number of nodes) and classification accuracy. For classification accuracy, we sample 1/3 of total instances
from each database as the testing data. We run two modules in our study (Fig. 14). The first module is attri-
butes evaluation and the input is the training data. The second module is the splitting point selection and the
input is either the Fayyad’s method or the HPM.

Table 1
The databases

Data base Field Classes Attributes Instances Missing

Glass identification Science 6 9 214 No
Thyroid disease Medical 3 5 215 No
Pima Indians diabetes Medical 2 8 768 No
Liver-disorders Medical 2 6 345 No
Iris plant Plants 3 4 150 No
Wine recognition Plants 3 13 178 No

Module 1
Attributes Evaluation

Module 2
Splitting Point Selection

Program

Partition Strategy
     1. Fayyad
     2. Heuristic

Training Data

Tree Model Testing Data

Fig. 14. The modules of program.
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We build a classification tree according to the HPM and the Fayyad’s method for each of six data sets, and
the result is shown in Table 2. In all data sets, the HPM has a faster search time as well as a smaller number of
candidates. For tree size and classification accuracy, the differences between two methods are not significant.

As expected, the set with a greater number of candidates, hence a larger tree size, generally has a more sig-
nificant reduction in both the number of candidates and the search time (Fig. 15). For all cases the two par-
tition methods build essentially the same tress (with same number of nodes). Fig. 16 displays a clear relation
between the number of candidates and the search time, and the relation is especially clear with larger sets. We
easily infer that the evaluation of attributes is the dominant factor in computations, and that higher efficiency
is achieved by reducing the number of evaluations.

For the classification accuracy, the HPM achieves similar performance as Fayyad’s method for the Glass,
Thyroid, Pima and Liver-disorders data sets. In Iris and Wine recognition data sets, the HPM performs better
than Fayyad’s method, especially in the Wine recognition data set.

We point out that this is consistent with Wu and Urpani’s results [35] that trees with smaller size have worse
classification accuracy. It may be an interesting study to examine how tree size can influence classification
accuracy.

Table 2
Experiment results

Data base Partition method Candidates
(accumulated)

Time (s) Nodes Accuracy (%)

Glass identification Fayyad 241 12.74 107 46
Heuristic 151 7.10 109 42

Thyroid disease Fayyad 55 2.59 29 86
Heuristic 37 1.77 29 85

Pima Indians diabetes Fayyad 2772 141.07 347 67
Heuristic 1662 71.37 319 66

Liver-disorders Fayyad 832 40.58 147 59
Heuristic 351 15.96 135 60

Iris plant Fayyad 10 0.41 9 90
Heuristic 7 0.37 11 94

Wine recognition Fayyad 94 4.32 25 73
Heuristic 85 4.04 39 90

0%

20%

40%

60%

80%

Iris Wine Thyriod Glass Liver Pima

reduction in number of candidates reduction in research time

Fig. 15. The reduction of number of candidates and search time of HPM from Fayyad’s method.
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5. Conclusions

The direct connection between RIB and efficiency demonstrates an important flexibility in the selection of
boundaries as splitting point candidates. This general idea is illustrated explicitly by the simple HPM, and it
can be examined further or utilize in constructing more efficient methods. Future studies can address various
technical details, but for this study, we point out that the result has a wider range of applicability than the
narrow scope considered in this work. For example, it can be explored for machine learning algorithms.

At the minimal level, our simple HPM already provides a working and an efficient procedure, and essen-
tially progress Fayyad’s method one step farther. The smaller number of splitting point candidates contributes
directly to the reduction of search time while giving essentially the same classification result. A logical exten-
sion of this work, then, is a systematic investigation of different grouping schemes to identify different situa-
tions of boundary patterns where candidate selection process can be made even simpler.

Our result is also consistent with other related studies that there is no general improvement in classification
accuracy. This is expected, since HPM relaxes the candidate selection process and hence there is no reason to
expect improvement in accuracy. We are also careful not to extend our conclusion as being applicable to all
other existing partition methods, nor can we infer definitive information on tree size.

Interestingly, Kurgan and Cios have explored a discretization algorithm called class-attribute interdepen-
dence maximization (CAIM) algorithm and show that it achieves the highest classification accuracy over six
other competing discretization algorithms [22]. As CAIM already offers a well-built machinery to boost accu-
racy, it offers a tantalizing prospect to incorporate RIB to build an overall superior algorithm.

This work can also be extended in other ways. We can study HPM with data sets that possess high dimen-
sional attributes or great number of the instances, we can explore its application to other areas, or we can revisit
and study other successful algorithms. Most importantly, as already mentioned, RIB should be studied further.
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