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Abstract

Attribute discretization is an important component of the data preparation phase of supervised data mining,

and has implications for both the performance of induction learning algorithms and for the use of the resulting
decision trees or rule-sets in decision-making. Discretization involves two major decisions: (1) determination

of the number of intervals in which the attribute is to be discretized; and (2) the determination of each interval
boundary. While most approaches have involved sub-optimal procedures based on different discretization

criteria, recently a linear programming approach has been developed that offers optimal solutions for various

formulations of the single attribute discretization problem. In this paper we present an exploration of some of
the optimal discretizations produced by this method for two data sets that are commonly used in data mining

research.
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Introduction

Attribute discretization isone of theimportant componentsof the datapreparation phasefor decisiontree (DT) induction and other
forms of supervised datamining. Attribute discretization, which involves partitioning the domain of the attribute into acomplete
set of mutually exclusive intervals, involves two major decisions: (1) the determination of the number of intervalsin which the
attribute is to be discretized; and (2) the determination of each interval boundary. The attribute discretization step is often
necessary for organizational datamining processes because many of the attributes of organizational databasesare numeric. Since
most decision tree induction agorithms treat each distinct value of an attribute as a discrete value, then using quantitative
attributes can lead to explosive growth in the size of the decision tree or rule set and a subsequent degeneration in performance.

Thiseffect can be especially problematic for large data sets. Depending on the decisions made regarding the number of intervals
and theinterval boundaries, the quality of the classification knowledge gained from the discovery process and the accuracy of

the results obtained from subsequent application to new events are directly affected.

Importance of Attribute Discretization

Attribute discretization is important for several reasons, including:

1. Discretization has been shown to increase classification accuracy, (Dougherty, Kohavi and Sahami, 1995; Kohavi and
Sahami, 1996b; Richeldi and Rossotto, 1995);

2. Discretization reduces the learning effort, the decision tree size, and the number of generated classification rules, thus
resulting in amore comprehensible (i.e., smpler) rule set, (Pfahringer, 1995);

3. Attribute(or feature) extraction algorithmswhich focuson removing redundant andirrelevant attributesmake use of thevalue
of the discretization criterion function in determining the attributes that should be included in the minimal set of attributes,
(Dash, 1997; Piramuthu, 1999);

4. Discretization simplifiesthe description of the data, offering meaningful intervalsthat are derived from relationshipsin the
datarather than being ssmply manually and subjectively determined;
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5. Attribute discretization can itself be considered as knowledge discovery in that critical end-points for the given attribute are
exposed, (Kohavi and Sahami, 1996a).

Attribute Discretization Techniques

The attribute discretization problem in supervised learning involves the attempt to partition an attribute's values into a set of
mutually exclusiveintervalswithinterval boundaries such that theloss of clasy/attributeinterdependence isminimized. Attribute
di scretization techniques can be categorized as: error-based (or inconsistency-based) vs. entropy based, global vs. local, dynamic
(i.e. during decision tree induction) vs. static (i.e. before decision tree induction), supervised (class information is a factor in
discretization) vs. unsupervised (classinformation isanot afactor in discretization), top-down (splitting intervals) vs. bottom-up
(merging intervals). Most previous approaches haveinvolved the use of suboptimal heuristicsin the attempt to obtain the optimal
partitioning of agiven non-classattribute that doesnot consider other non-classattributes. Initially, simple unsupervised methods
were proposed (e.g. equal-width intervals and equal-frequency intervals), but later, various supervised methods were proposed,
such asdynamic binarization (Quinlan, 1986), entropy-based methods(Ching, 1995; Stashuk and Naphan, 1992), and Chi-Square-
based methods (Kerber, 1992; Liu and Setiono, 1997). These supervised methodsintegrate the classinformation of training cases
when constructing intervals in order to achieve better classification performance, and are often based on bottom-up, greedy
heuristics which could easily miss valuable intervals. Bryson and Joseph (Bryson and Joseph, 2001) proposed a Linear
Programming (L P) based approach that could provide optimal solutions for various formulations of the attribute discretization
problem including error-based formulations and entropy-based formulations. In this paper we present an exploration of some of
the discretizations produced by that method for two data sets that are commonly used in data mining research.

Experimental Experience

Definition of Terms

Let n be the total number of examplesin the dataset; n, be the total number of examplesininterval j of the given attribute; nes
be the total number of examples in class s; n, ¢ be the total number of examplesin interval j and class s; p. = (n./n) be the
estimated probability of being in interval j; p.; = (n./n) be the estimated probability of being in classs; p, = (n,./n) be the
estimated probability of being ininterval j and classs; pgy = (0, /n..) = (p,./p,.) bethe conditional probability of an examplebeing
inclasssgiventhatitisininterva j; S bethe set of classes. The measure definitions are summarized in Table 1.

Table 1. Measure Definitions

Term Description

Inconsistency IR(Q) = Y jrg 9,
Rate where §, = (n. —Max {n,.; s€ S})/nand J,, istheindex set of the intervals that are included in
the optimal discretization T’ that consists of g = |T' | intervals.

Information Gain | 1G(g) = -Y..s P 09:(P*S) - ¥jcarg P(-Xses Pl 092(Py))-

Gain Ratio GR(g) = 1G(g)/SI(g),
where SI(g) = ¥, xq -P.100,(p,.) is called the Split Information for the partition 'y with g
intervals.

CAMI CAMI(Q) = ¥ jcarg Xs-s Pirdl 09o(Py PP -

EffCAMI EffCAMI = Max{ CAMI(g)/SupCAMI(Q), =2...., O pu} »

where SUpCAMI(g) = the maximum possible value of CAMI(g).

Software Environment

Aspart of our research program in decision treeinduction wehad previously devel oped softwareimplementationsof fiveentropy-
based splitting methods (i.e. Gain Ratio, Conditional Entropy, CAMI, EffCAMI, and CAIR) using the Weka library
implementation (www.cs.waikato.ac.nz/~ml/weka) of the well-known C4.5 agorithm, complete with pruning and statistic
calculation. The C4.5 a gorithm usesInformation Gain and Gain Ratio asthe decision criteriafor choosing an appropriateattribute
for branching. In order to test Conditional Entropy, CAMI, CAIR, and Eff CAMI, we wrote our own Java programs and classes
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to usethe C4.5 algorithm structure in the Weka Javalibrary, and substituted the other entropy measuresin place of Information
Gain and Gain Ratio.

Asimplemented in C4.5, the decision criterion for selecting an attribute at anode is to pick the attribute with the largest Gain
Ratio and whose Information Gain is larger than the average Information Gain of all the candidate attributes at that node. The

decision criteria for Conditional Entropy and CAMI are simply to select the attribute with the Min and Max entropy values,
respectively. CAIR and Eff CAMI however are analogous to the use of Gain Ratio in C4.5. For EffCAMI, the decision criterion
isto pick the attribute with the Max Eff CAMI value and whose CAMI value is greater than average. The CAIR decision ruleis
similar to the EffCAMI decision rule. These decision measures are summarized in Table 2.

Table 2. Induction Algorithm Decision Rules for Selecting the Best Attribute

Entropy Measure Decision Rule

GainRatio For those attributes whose InfoGain > Average(InfoGain), select the attribute that provides
Max(GainRatio).

Conditional Entropy | Select the attribute that provides Min(Conditiona Entropy).

CAMI Select the attribute that provides Max(CAMI).
CAIR For those attributes whose CAMI > Average(CAMI), select the attribute that provides Max(CAIR).
Eff CAMI For those attributes whose CAMI > Average(CAMI), select the attribute that provides

Max(EffCAMI).

For this study, in addition to the traditional ‘dynamic’ Gain Ratio approach used in C4.5, we also implemented a‘static’ Gain
Ratio approach, which treats the discretized continuous attribute as if it were a categorical variable. The ‘dynamic’ Gain Ratio
approach treats the discretized continuous attribute asif it were an ordinal variable. Thus, with the ‘ static’ Gain Ratio approach
there would be no further dynamic merging of adjacent intervals by the splitting method, while in the ‘dynamic’ Gain Ratio
approach there could be additional dynamic merging of adjacent intervals.

Description of Test Data

Two data sets were used for demonstrating our L P approach to attribute discretization: the Wisconsin Breast Cancer Database
(Mangasarian, Setiono and Wolberg, 1990) and the /ris data set, both available from the machine learning repository at the
University of Californiaat Irvine (Murphy, 1994). The Breast Cancer data set consists of 699 examples each belonging to one
of two classes, benign or malignant. Each example is described by nine discrete-valued attributes, in the value domain [1, 10].
A total of 349 examples were selected for the analysis, with enough examples per unique attribute value to ensure that the full
range of valueswasincluded in our analysis. The Iris data set consists of three classes: setosa, versicolor and virginica, with 50
examples from each class. Four numeric, continuous-valued attributes are used to describe each example: sepal length, sepal
width, petal length, and petal width.

Test Results

For our experiment we did the following: 1) Generated optimal L P-based discretizations for each attribute for different partition
sizes; 2) Selected various combinations of partition sizes, although usually the same size was used for all attributes; 3) Applied
our modified C4.5 codeto generate aDT using various splitting methods (i.e. Static & Dynamic Gain Ratio, CAMI, EffCAMI).
Our LP-based discretizations were done for an Inconsistency Rate formulation of the attribute discretization problem (see Table
3for results) and aCAMI formulation (see Table 4 for results). For both tablesthe column “# Intervals’ indicates the number of
interval sfor each non-classattribute, whilethe column“ Pre-Discretized” indicatestheperformanceof our DT inductionalgorithm
on the pre-discretized data. Bolded valuesin Tables 3 and 4 represent instances where discretized approaches produced results
as good as or better than the pre-discretized approach.

Inconsistency Rate (I.R.) Discretization

The reader may observe that some combinations of the Inconsistency Rate discretizations give better results than the pre-
discretized data for both the IRIS and Breast Cancer datasets. A somewhat surprising result is the relatively good performance
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of the Static Gain Ratio method on the Breast Cancer dataset. Given that the Static Gain Ratio method only permits the use of
intervals that have been generated in the pre-discretization step, this result indicates that |.R. discretization can result in more
valuable intervals that would not be generated by the DT induction algorithm.

Table 3. Inconsistency Rate Discretization

Dataset # Intervals Classification Accuracy
Gain Ratio CAMI EffCAMI
Pre-Discretized Static Dynamic

IRIS 2223 95.33 96.00 96.00 96.00 96.00
3333 94.00 94.00 94.00 94.00

4444 94.67 94.67 94.67 94.67

5555 93.33 98.00 97.33 97.33

6666 95.33 94.67 94.67 94.67

7777 96.00 96.00 94.67 94.67

7733 94.67 94.67 94.00 94.00

Breast 444444444 72.49 73.07 71.06 71.92 71.92
Cancer 555555544 71.06 71.92 68.19 69.34
444333322 72.49 71.92 71.35 71.35

CAMI Discretization

The reader may observe that some combinations of the CAMI discretizations give better resultsthan the pre-discretized datafor
the IRIS dataset but less impressive performances for the Breast Cancer dataset. This result could be partly based on the
combinations that we chose for our experiments. The issue of selecting combinations pointsto one of the problems of the single
attribute discretization, where the focus is only on a single attribute. This problem of mixed results in DT induction is not,
however, limited to attribute discretization, as previous work on the application of splitting methods in DT induction shows,
(Giles, Bryson and Weng, 2001). In the case of splitting methods in DT induction, only the relationship between the given
attribute and the target (i.e. class) variable is considered when determining the splits for that attribute.

Table 4. CAMI Discretization

Dataset # Intervals Accuracy Rate
Gain Ratio CAMI EffCAMI
PreDiscretized Static Dynamic
IRIS 2222 95.33 66.67 66.67 66.67 66.67
3333 94.00 94.00 94.00 94.00
4444 96.67 96.00 96.00 96.00
5555 94.67 96.00 96.00 96.00
6666 95.33 96.00 96.00 96.00
7777 95.33 95.33 95.33 95.33
8888 93.33 96.00 95.33 95.33
Breast 444444444 72.49 68.77 65.90 68.19 68.19
Cancer 555555544 69.63 72.49 70.77 71.35
Conclusions

In this paper we have explored the application of two LP-based formulations of the attribute discretization problem on two
datasets. The results suggest that this approach can lead to improved classification results, but that it is also important to select
good combinations of partition sizes. It should be bornein mind that if the objectiveisnot simply classification accuracy but also
to have an interpretable model, the choice of the best combination of partition sizes may be clearer than if the objectiveisonly
the best classification accuracy. In the latter case, the fact that the L P-based approach offers optimal partitions for each partition
size makes it advantageous over techniques that claim to offer asingle, supposedly best discretizations for each attribute. This
is because in many cases a combination that involves the ‘best’ discretization for each attribute based on single attribute
discretization may not result in the overall best performance (e.g. the combination “3333” for the IRIS dataset was given as an
optimal discretization by the LP formulation, but did not provide optimal classification accuracy).

394 2001 — Seventh Americas Conference on Information Systems



Bryson & Giles/Attribute Discretization for Classification

References

Almuallim, H., and Dietterich, T. "Learning Boolean Concepts in the Presence of Many Irrelevant Attributes," Artificial
Intelligence (69:1-2), 1994, pp. 279-305.

Bryson, N (K-M)., and Joseph, A. "Optimal Techniques for Attribute Discretizations," Journal of the Operational Research
Society, in press, 2001.

Ching, J., Wong, A., and Chan, K. "Class-Dependent Discretization for Inductive Learning from Continuous and Mixed-Mode
Data," IEEE Transactions on Pattern Analysis and Machine Intelligence (17:7), 1995, pp. 631-641.

Dash, M., and Liu, H. "Feature Selection for Classification,”" Intelligent Data Analysis (1), 1997, pp. 131-156.

Dougherty, J., Kohavi, R. and Sahami, M. " Supervised and Unsupervised Discretization of Continuous Features," Proceedings
of the 12th International Conference on Machine Learning , 1995, pp. 194-202.

Fayyad, U., and Irani, K. "The Attribute Selection Problem in Decision Tree Generation," Proceedings of the AAAI-92, Ninth
International Conference on Artificial Intelligence, 1992, pp. 104-110.

Giles, K., Bryson, N. (K.-M.), and Weng, Q. "Comparison of Two Families of Entropy-Based Classification Measureswith and
without Feature Selection,” Proceedings of the Hawaii International Conference on System Sciences (HICSS-34), Maui, HI,
2001, pp. 1-10.

Kerber, R. "ChiMerge: Discretization of Numeric Attributes," Proceedings of the AAAI-92, Ninth International Conference on
Artificial Intelligence, 1992, pp. 123-138.

Kohavi, R., and Sahami, M. "Error-based and Entropy-based Discretization of Continuous Features," Proceedings of the KDD-96,
19964, pp. 114-119.

Kohavi, R., and Sahami, M. "Toward Optimal Feature Selection," Proceedings of the 13th International Conference on Machine
Learning, 1996b, pp. 284-292.

Liu, H., and Setiono, R. "Feature Selection by Discretization," IEEE Transactions on Knowledge and Data Engineering (9:4),
1997, pp. 642-645.

Mangasarian, O.L ., Setiono, R., and Wolberg, W.H. "Pattern Recognition ViaLinear Programming: Theory and Application to
Medical Diagnosis," In Large-Scale Numerical Optimization, T. F. Coleman and Y. Li (Ed.), SIAM Publications,
Philadelphia, 1990, pp. 22-30.

Murphy, P.M., and Aha, D. W. "UCI Repository of Machine Learning Databases," ), 1994,

Pfahringer, B. "Supervised and Unsupervised Discretization of Continuous Features,” Proceedings of the 12th International
Conference on Machine Learning, 1995, pp. 456-463.

Piramuthu, S."Feature Selection for Financial Credit-Risk Evaluation Decisions,” INFORMS Journal on Computing (11:3), 1999,
pp. 258-266.

Quinlan, J.R. "Induction of Decision Trees," Machine Learning (1), 1986, pp. 81-106.

Richeldi, M., and Rossotto, M. "Class-Driven Statistical Discretization of Continuous Attributes," Proceedings of the Sth
European Conference on Machine Learning (ECML-95), 1995, pp. 335-338.

Stashuk, D., and Naphan, R. "Probabilistic Inference Based Classification Applied to Myoelectric Signal Decomposition," IEEE
Transactions on Biomedical Engineering (39:4), 1992, pp. 346-355.

2001 — Seventh Americas Conference on Information Systems 395



	Association for Information Systems
	AIS Electronic Library (AISeL)
	December 2001

	Attribute Discretization for Classification
	Noel Bryson
	Kendall Giles
	Recommended Citation


	tmp.1219181181.pdf.kH1gW

