Proceedings of the Tenth International Symposium on Computer and Information Sciences, pp. 443-450, 1995 An Empirical Comparison of Discretization MethodsDan Ventura and Tony R. MartinezComputer Science Department, Brigham Young University, Provo, Utah 84602e-mail: dan@axon.cs.byu.edu, martinez@cs.byu.eduMany machine learning and neurally inspired algorithms are limited, at least in their pureform, to working with nominal data. However, for many real-world problems, some provisionmust be made to support processing of continuously valued data. This paper presents empiricalresults obtained by using six different discretization methods as preprocessors to three differentsupervised learners on several real-world problems. No discretization technique clearlyoutperforms the others. Also, discretization as a preprocessing step is in many cases found to beinferior to direct handling of continuously valued data. These results suggest that machinelearning algorithms should be designed to directly handle continuously valued data rather thanrelying on preprocessing or ad hoc techniques.1. IntroductionMany machine learning and neurally inspired algorithms are limited, at least in their pureform, to working with nominal data, where nominal data is defined as data from a small, finite,unordered domain. Examples include CN2 [7], ID3 [16], and AQ* [12][13]. However, formany real-world problems, some provision must be made to support processing ofcontinuously valued data. One approach is discretization of continuously valued data as apreprocessing step. Discretization is the process of converting continuously valued data intonominal data by assigning ranges of real values to one nominal value. Discretizingcontinuously valued data produces inherent generalization by grouping data into severalranges, representing it in a more general way. Further, discretization has somepsychological plausibility since in many cases humans apparently perform a similarpreprocessing step representing naturally continuous data such as temperature, weather, andspeed as nominal values (i.e. hot, cold, fair, cloudy, fast, slow, etc.). The main effort of thispaper is to investigate the feasibility of discretizing continuously valued data as apreprocessing step for supervised learning systems. To do so, six different discretizationmethods are compared as preprocessors to three different supervised learning models. Thesecomparisons are made over several real-world data sets and the results provide evidencethat suggests that machine learning algorithms should directly incorporate handling ofcontinuously valued data rather than relying on a discretization preprocessing step.Section two briefly describes the discretization methods and supervised learning systemsused. Section three presents the empirical results of the study and sections four and fiveanalyze these results and draw conclusions.2. Description of Discretization Methods and Supervised Learners UsedThe discretization methods used are ChiMerge [10], equal-width-intervals[21], equal-frequency-intervals [21], maxi-min into k-means [8], Valley [19][20], and Slice [20]. Thisis by no means an exhaustive list of possible discretization techniques (see also [6], [9],[11], and [18]), but it is believed to be a representative sample.ChiMerge. ChiMerge is based on the statistical c2 test. All examples are sorted andinitially each is placed in its own interval. Then intervals are merged iteratively in thefollowing manner. The c2 value is computed for each pair of adjacent intervals and the pair ofintervals with the lowest c2 value is merged. This process is repeated until all pairs ofadjacent intervals have a c2 value that exceeds some threshold. Two adjacent intervalswhose c2 value exceeds this threshold are considered to be significantly different and thusshould not be merged.

Equal-width-intervals and equal-frequency-intervals. Equal-width-intervals is a genericmethod that simply divides the data into some number of intervals all with equal width. Thisis completely arbitrary and does not seek to discover any information inherent in the data. Itsmain advantage is its simplicity. Equal-frequency-intervals uses a similar approach butemploys a frequency metric, dividing the data into some number of intervals each of whichcontains the same number of data points. The same comments apply to this method as to theequal-width method.Maxi-min into k-means (kmmm). This is a combination of two classical clusteringalgorithms, k-means and maxi-min. K-means depends on user input for the number ofdesired intervals but does not depend on the user to find interval boundaries. Maxi-mindiscovers the �proper� number of intervals but depends on user-defined parameters to findinterval boundaries. In order to reduce (not eliminate) dependence on user-definedparameters, maxi-min is used to discover the �proper� number of intervals and then k-means is used to find the actual interval boundaries.Valley. Valley is specific instantiation of a general discretization paradigm calledBRACE. This method concentrates on finding the natural boundaries between intervals andcreates a set of possible classifications using these boundaries. All classifications in the setare evaluated according to a criterion function and the classification that maximizes thecriterion function is selected. Valley creates a histogram of the data, finds all local minima(valleys), and ranks them according to size. The largest is then used to divide the data into atwo-interval classification. A three-interval classification is then created using the twolargest valleys and so on until a v-interval classification has been created (where v is thenumber of local minima in the histogram). These classifications are then used to predict theoutput class of the data, and the classification with the best prediction rate is selected.Slice. Slice is a generalization of Valley in which the boundary between every range(slice) in the histogram is a potential interval boundary. The best place to divide the datainto two intervals is found by iteratively trying each range boundary and using the resultingclassification to attempt to predict the data�s output class. This is continued in a greedyfashion to divide the data into three intervals, and so on until prediction of the output classfails to improve.The three supervised learners used are ID3 [16], CN2 [7], and Bounded Order Rule Sets[3][4]. They were chosen because they all require a discretizing preprocessor and representdifferent approaches to supervised learning. ID3 and CN2 are well established machinelearning approaches, while BORS is a recently proposed technique.ID3. ID3 is a decision tree approach to learning. A decision tree is built usinginformation gain as the metric for splitting nodes. This is a greedy approach that attempts tomaximize information gain at each node by splitting on the attribute that currently providesthe most information gain. The final hypothesis is represented by a decision tree. C4.5 [15]is an extension of ID3 that, among its improvements, allows handling of continuously valueddata by basically testing all possible splits over the range of the attribute to be discretized.This discretization is performed independently at each node in the tree. Therefore,discretizing the data before giving it to ID3 is similar to giving the undiscretized data to C4.5.This is convenient in the sense that we can compare results obtained by discretization andID3 directly with results obtained from C4.5 which performs its own internal handling ofcontinuously valued data (see Table 6 and accompanying discussion).CN2. CN2 is a rule induction algorithm that incorporates ideas from both ID3 and fromAQ* [12][13]. Thus CN2 attempts an eclectic combination of the efficiency and ability tocope with noisy data that ID3 exhibits, with the flexible search strategy and if-then ruleformat of AQ*. The algorithm attempts to build good if-then rules by considering different combinations of variables and assessing how well each rule properly classifies the traininginstances. The search space is exponential and, therefore various heuristics are used to limitsearch time and space. The hypothesis is represented as an ordered list of if-then rules.Bounded Order Rule Sets (BORS). This is an experimental approach that assumes thatmost interesting attribute correlations (features) are of a relatively low order. Thus, eventhough examining all higher order correlations is an exponentially expensive proposition interms of both time and space, BORS proposes that most interesting correlations or featuresmay be examined by brute force in bounded time. Therefore, the algorithm first considers allfirst order features and evaluates their ability to correctly classify the training set. It thenconsiders all second order features and so on up to some relatively small kth order. Somesubset of the features are then chosen to represent the hypothesis.3. Empirical ResultsTo empirically compare the six discretization methods, each was used as a preprocessorto each of the three supervised learners for several different real-world data sets. Forexample, the glass data set was discretized with ChiMerge, and then fed to ID3, CN2 andBORS. It was then discretized with kmmm and again fed to all three learners, and so on.Then the whole process was repeated for each of the other data sets. The data sets usedwere all obtained from the UC Irvine Machine Learning Database [14], and each data setconsists entirely of continuously valued inputs and has a single nominal output variable: Glass. 9 inputs, 7 output classes. This is a collection of data from crime lab reports. Thenine inputs are measures of mineral content (Mg, Al, etc.) and refractive index of differentsamples of glass. The problem is to determine what the glass was used for--windows,container, head lamp, etc.Wine. 13 inputs, 3 output classes. These data are the results of a chemical analysis ofwines grown in the same region in Italy but derived from three different cultivators. Analysisdetermined the quantities of 13 constituents found in each of the three types of wines andthese constitute the 13 input variables. The problem is to determine which of the threecultivators produced the wine.Vowel. 10 inputs, 11 output classes. Speech signals from 15 different speakers were lowpass filtered at 4.7kHz and then digitized to 12 bits with a 10kHz sampling rate. Twelfthorder linear predictive analysis was carried out on six 512 sample Hamming windowedsegments from the steady part of the vowel. The reflection coefficients were used to calculate10 log area parameters, giving a 10 dimensional input space. Based on the ten inputs, theproblem is to determine which vowel sound was spoken.Sonar. 60 inputs, 2 output classes. Each of the sixty inputs represents a measure of theenergy within a particular frequency band. Given these inputs, determine whether the sonarimage is a rock or a mine.Iris. 4 inputs, 3 output classes. Given sepal length and width and petal length and width,determine which type of iris the flower is.Bupa. 6 inputs, 2 output classes. The six inputs represent the outcome of five blood testresults and number of drinks (half-pint equivalents of alcoholic beverages consumed per day)for a group of male Bupa Indians. The problem, given the input data, is to determine whetheror not the individual is likely to contract a liver disorder.Pima. 8 inputs, 2 output classes. The inputs include age, number of times pregnant, andthe results of various medical tests and are taken from a population of female Pima Indians.Given these, determine if the individual tests positive for diabetes.Vehicle. 18 inputs, 4 output classes. The inputs represent silhouette features extractedby the HIPS (Hierarchical Image Processing System) extension BINATTS at the TuringInstitute. Given these inputs the problem is to determine which of four vehicles the silhouette represents.Tables 1-3 summarize the results obtained by using each of the discretization methods asa preprocessor for each of the supervised learners. Results are averages obtained over tenruns by using 70% of the data as a training set for learning and the remaining 30% as a testset. The results reported in the tables are percent accuracy on the test set.

Glass

Wine

Vowel

Sonar

IrisBupa

Pima

Vehicle

AverageChi619261749562736773Freq538862659352676268Kmmm648962689358736171Slice599336789561736270Valley658147659660746669Width589264779551706271

Chi324321212.3Freq652545634.5Kmmm242444263.5Slice416122232.6Valley165513123.0Width521226533.3

Table 1. Performance and ranking of discretization methods as a preprocessor to ID3In each of the tables the data sets are represented in columns and the discretizationmethods are represented in rows. The tables are split into two sections. The top matrix ofeach gives the percent accuracy of the supervised learner on a given data set using aparticular discretization method. For example, Table 1 shows that ID3 achieved an accuracyof 61% on the glass data set with ChiMerge used as the preprocessor. Table 2 shows an

AverageChi647548789563714567Freq518357796457695364Kmmm648857789356725971Slice597233809662745566Valley537535749261724363Width498558759254715768

Chi144321453.0Freq532264644.0Kmmm112335212.3Slice366112132.9Valley445643264.0Width621546423.8

Table 2. Performance and ranking of discretization methods as a preprocessor to CN2accuracy of 64% for CN2 for the same data and discretization method, and Table 3 shows anaccuracy of 62% for Bounded Order Rule Sets.The bottom matrix of each table shows the relative rank of each discretization methodfor each data set. For example, Table 1 shows that for ID3�s learning of the vowel data set,

ChiMerge was the 4th best discretization method. Table 2 shows that for CN2, ChiMergewas again the 4th best choice, but Table 3 shows that for Bounded Order Rule Sets,ChiMerge was the best discretization method of the six.Examining the data in all three tables yields some interesting results. First, a perusal ofthe rankings for each discretization method shows no clearly best method. Although overallChiMerge appears to be a little more robust than the others, the best method of discretizationappears to be data dependent. Also, the best discretization method depends on thesupervised learner for which the preprocessing is being performed. To see this, notice thatChiMerge does quite well for Bounded Order Rule Sets but not nearly so well for CN2. K-means combined with maxi-min (kmmm) seems to be the most robust choice for CN2.

Glass

Wine

Vowel

Sonar

IrisBupa

Pima

Vehicle

AverageChi627181909468727276Freq4669 4789363646560Kmmm4868 3738958696059Slice527123869549727265Valley576767859459686370Width3965 8789453706559

Chi111121111.1Freq535452634.1Kmmm446664465.0Slice313216112.3Valley252323553.4Width664425334.1

Table 3. Performance and ranking of discretization methods as a preprocessor to BORSTable 4 summarizes the best, worst, and average accuracies obtained on the data setsby seven well-known learning algorithms that directly handle continuously valued data: C4.5(both decision tree and rule list forms) [15], Cart [5], Bayes [5], Minimum Message Length[17], IB3 [1], and IB4 [2]. For details on the methods of obtaining these data see [22].

Dataset

BestAverage

WorstGlass68.666.061.6Wine93.892.790.5Vowel92.682.173.3Sonar78.975.172.6Iris95.394.894.0Bupa67.062.256.5Pima73.471.068.3Vehicle77.669.559.2

Table 4. Best, worst, and average performance for seven well-known learning algorithms thatdirectly support handling of continuously valued data [22]A second result of interest is obtained by comparing accuracy results from Tables 1-3 withthe results in Table 4. Although each supervised learner performs well on some of the datasets (at least assuming discretization done by the best method), each one also performsquite poorly on others even using the discretization method with the best results.

Table 5 supports this claim by comparing the three supervised learners� best results withthe average and best results of the seven algorithms mentioned above. AvgC is the averagepercent correct for all seven algorithms and MaxC is the maximum percent correct for any ofthem (these values are taken directly from Table 4). Bold table entries indicate relativelypoor performance -- ID3 does comparatively poorly on the glass, vowel, and vehicle datasets; CN2 does comparatively poorly on the glass, wine, vowel, and vehicle data sets; andBounded Order Rule Sets performs comparatively poorly on the glass and wine data sets.

Glass

Wine

Vowel

Sonar

IrisBupa

Pima

VehicleID36593647896627467CN26488588096637459BORS6271819095687272AvgC6693827595627170MaxC6994937995677378

Table 5. Discretization preprocessing vs. direct handling of continuously valued dataThe claim that discretization as preprocessing is usually detrimental to performance isfurther substantiated by comparing the performance results of ID3 (and the best preprocessorfor each data set) with C4.5 (see Table 6. For a discussion of why C4.5 was used forcomparison, see the discussion of ID3 in section 2). As may be seen from the table, for alldata sets except sonar, discretization as a preprocessing step did not significantly improveperformance. Again, for four data sets -- glass, vowel, bupa, and vehicle -- thediscretization was actually detrimental.

Dataset

ID3C4.5Glass6568Wine9393Vowel6480Sonar7875Iris9695Bupa6265Pima7473Vehicle6770

Table 6. ID3 with (best) discretization preprocessing vs. C4.5It should be noted that the three algorithms examined here -- ID3, CN2, and BORS --were designed to explore the idea of concept learning. Concept learning in general does notaddress the issue of continuously valued data and often deals exclusively with nominal data.Therefore, the lower performance results for these algorithms on data sets comprised entirelyof continuously valued attributes is not surprising. This observation further strengthens theposition that consideration of continuously valued data should not be ignored in design of alearning algorithm.These two results together, namely that 1) the best discretization method is dependentboth on the application as well as on the supervised learner and that 2) in general,discretization as a preprocessing step can lead to severe performance degradation, provideevidence that discretization as a preprocessing step independent of the supervised learningsystem is not the appropriate approach to machine learning.

4. Problems with Discretization as a Preprocessing StepThere are at least two inherent problems in using discretization as a preprocessing stepfor a supervised learner. One of these problems results in the best discretization methodbeing dependent on the application and supervised learner used. The other results in thesometimes poor overall performance observed.The Independence Problem. This has to do with the fact that a general method ofdiscretization has no knowledge of what information the supervised learning method requiresto do its learning. Therefore, the discretizer may unwittingly eliminate some valuable (to theparticular supervised learner in question) information in the preprocessing step therebyhampering the supervised system�s ability to learn. On the other hand, the samediscretization for another supervised learner may have essentially avoided eliminatingimportant information for that particular case.The Higher Order Correlation Problem. Obviously, there are often higher ordercorrelations between input variables. That is, one input variable by itself may not directlycorrelate with the output class, but in combination with one or more of the other inputvariables, it may have a very high correlation with the output class. The idea behinddiscretizing the data as a preprocessing step has been to leave the discovery of these higherorder correlations to the supervised learner. Unfortunately, in considering and discretizingeach of the input variables independently, the discretizer may destroy the higher ordercorrelation. For example, consider iris flowers. Perhaps sepal lengths fall into two generalcategories: long (those over 2 inches) and short (those 2 inches or less); however, perhaps ifthe sepal width is greater than .2 inches, then a sepal length is not considered long unless itis over 3 inches. Since the discretizer is not allowed to discover this higher order correlation,it will place the input variable sepal length into the �long� interval if it is over 2 inches,whether that instance�s sepal width is greater than .2 or not. It will therefore incorrectlydiscretize the sepal length variable of any instance whose sepal length is between 2 and 3inches long and whose sepal width is greater than .2 inches.5. ConclusionsThe empirical results of this paper indicate that in general, the choice of whichdiscretization method to use depends both on the problem to be learned as well as on thechoice of supervised learning algorithm. As a result, none of the discretization methodsclearly out-performed the others, although ChiMerge appears to be somewhat more robustthan the other methods. Also, the process of discretization as a preprocessing step sufferedsignificantly when compared with algorithms that directly handle continuously valued data.Each of the supervised learners that employed preprocessing performed poorly on several ofthe problems, even assuming a posteriori choice of the best discretization method for thecombination of problem and learner. These results as well as the two problems discussed insection 4 provide evidence that discretization as a separate preprocessing step is not theproper approach to machine learning. Instead, the handling of both nominal and continuouslyvalued data should be addressed in the design of a learning algorithm.This work was funded in part by a grant from Novell, Inc.6. References[1]Aha, D.W.; Kibler, D.; and Albert M.K, �Instance-Based Learning Algorithms�, Machine Learning,vol. 6, Kluwer Academic Publishers, The Netherlands, pp.37-66, 1991.[2]Aha, D. W., �Incremental, instance-based learning of independent and graded concept descriptions�,Proceedings of the Sixth International Workshop on Machine Learning, pp. 387-391, 1989.[3]Andersen, Timothy L. and Martinez, Tony R., "Learning and Generalization with Bounded OrderCritical Feature Sets", Proceedings of the 6th Australian Joint Conference on Artificial Intelligence, p.

450, 1993.[4]Andersen, Timothy L., �Learning and Generalization with Bounded Order Rule Sets�, Masters Thesis,Brigham Young University, April, 1995.[5]Breiman, Leo; Friedman, Jorome; Olshen, Richard; and Stone, Charles,

Classification and Regression

Trees, Chapman and Hall, New York, 1993.[6]Catlett, J., "On Changing Continuous Attributes Into Ordered Discrete Attributes", Lecture Notesin Artificial Intelligence, Ed. J. Siekmann, Springer-Verlag, Berlin, pp. 164-78, 1991.[7]Clark, Peter and Niblett, Tim, "The CN2 Induction Algorithm", Machine Learning, vol. 3, KluwerAcademic Publishers, The Netherlands, pp. 261-83, 1989.[8]Everitt, Brian,

Cluster Analysis, Halsted Press, New York, 1974.[9]Fayyad, Usama M. and Irani, Keki B., �On the Handling of Continuous-Valued Attributes in DecisionTree Generation�, Machine Learning, vol. 8, pp. 87-102, 1992.[10]Kerber, Randy, "ChiMerge: Discretization of Numeric Attributes", Proceedings of the 10th NationalConference on Artificial Intelligence, pp. 123-7, 1992.[11]Lebowitz, Michael, �Categorizing Numeric Information for Generalization�, Cognitive Science, vol. 9no. 3, pp. 285-308, 1985.[12]Michalski, Ryszard S., "A Theory and Methodology of Inductive Learning",

Readings in Machine

Learning, eds. Jude W. Shavlik and Thomas G. Dietterich, Morgan Kaufman Publishers, Inc., SanMateo, California, pp. 70-95, 1990.[13]Michalski, Ryszard S. and Stepp, Robert, E., "Learning From Observation: Conceptual Clustering",

Machine Learning: An Artificial Intelligence Approach, eds. Ryszard S. Michalski, Jaime G. Carbonell,Tom M. Mitchell, Tioga Publishing Company, Palo Alto, California, pp. 331-63, 1983.[14]Murphy, P. M. and Aha, D. W., UCI Repository of machine learning databases. Irvine, CA: Universityof California, Department of Information and Computer Science, 1992.[15]Quinlan, J. Ross,

C4.5: Programs For Machine Learning, Morgan Kaufman Publishers, San Mateo,California, 1993.[16] Quinlan, J. R., "Induction of Decision Trees",

Readings in Machine Learning, eds. Jude W. Shavlik andThomas G. Dietterich, Morgan Kaufman Publishers, Inc., San Mateo, California, pp. 57-69, 1990.[17]Rissanen, Jorma, �A Universal Prior for Integers An Estimation by Minimum Description Length�,Annal of Statistics, vol. 11 no. 2, pp. 416-31, 1983.[18]Schlimmer, Jeffrey C., �Learning and Representation�, Proceedings of the Sixth National Conference onArtificial Intelligence (AAAI87), v2, pp.511-515, 1987.[19]Ventura, Dan and Martinez, T. R., "BRACE: A Paradigm For the Discretization of Analog Data",Proceedings of the Seventh Florida Artificial Intelligence Research Symposium, pp. 117-21, 1994.[20]Ventura, Dan, �On Discretization as a Preprocessing Step for Supervised Learning Models�, MastersThesis, Brigham Young University, April, 1995.[21]Wong, A. K. C., and Chiu, D. K. Y., �Synthesizing statistical knowledge from incomplete mixed-modedata�, IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. PAMI-9 no. 6, pp.796-805, November 1987.[22]Zarndt, Frederick, "An Empirically Derived Test Suite for Machine Learning and ConnectionistAlgorithms", in preparation, 1994.