Discretization of Target Attributes for Subgroup
Discovery

Katherine Moreland® and Klaus Truemper?

!The MITRE Corporation, McLean, VA 22102, U.S.A.
2Department of Computer Science, University of Texas at Dallas
Richardson, TX 75083, U.S.A.

Abstract. We describe an algorithm called TargetCluster for the dis-
cretization of continuous targets in subgroup discovery. The algorithm
identifies patterns in the target data and uses them to select the dis-
cretization cutpoints. The algorithm has been implemented in a subgroup
discovery method. Tests show that the discretization method likely leads
to improved insight.
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1 Introduction

The task of subgroup discovery is defined as follows. Given a data set that is
representative of a particular population, find all statistically interesting sub-
groups of the data set for a given target attribute of interest. Target attributes
may be binary, nominal, or continuous. Many subgroup discovery algorithms can
handle only binary target attributes, and continuous target attributes must be
discretized prior to application of these algorithms. In this paper, we present
a new algorithm called TargetCluster for that task as well as a new subgroup
discovery method.

There are three main goals of target discretization. First, clusters should be
densely populated since then they are likely to represent similar cases. Second,
clusters should be clearly distinct since two clusters located close together may
actually correspond to a similar target group. Finally, isolated points that do
not convincingly fall into a cluster should be effectively skipped since they are
unlikely part of an interesting target group.

Let’s begin by evaluating how well-suited current approaches for unsuper-
vised discretization meet these goals. The approaches can be classified as being
one of three types: 1) equal-width-intervals, 2) equal-frequency-intervals, or 3)
clustering. The first two cases simply divide the attribute into a series of equal
width or frequency intervals. Consider the following case for a target attribute.

In Figure 1, both the equal-width and equal-frequency methods identify clus-
ters with lower density that are located very close to neighboring clusters. Ex-
isting clustering approaches do not satisfy the third goal of target discretization
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Fig. 1. Example target discretization using equal-width- and equal-frequency-intervals

since they assign all points to clusters with the exception of outliers. We con-
clude that current unsupervised discretization methods are not well suited for
target discretization.

We propose a new method for target discretization that simultaneously achieves
the above three goals of target discretization. The algorithm uses a dynamic pro-
gramming approach. The next section provides details.

2 Solution Algorithm for Cluster Problem

Let the values of the target attribute to be discretized be v1,vs,... ,v5 in as-
cending order. We separate clusters of these values using intervals containing
roughly log, N consecutive values. We say “roughly” since the actual number
of values can be somewhat less. We cover details later, when we also motivate
the selected size of intervals. Two intervals are disjoint if they do not contain a
common value. A collection of intervals is acceptable if the intervals are pairwise
disjoint. Suppose we have a collection of acceptable intervals. If we color the val-
ues v; occurring in the intervals red and the remaining values green, then there
are green subsequences separated by red subsequences. The values in each green
subsequence define a cluster. A collection of intervals is feasible if it is acceptable
and if each cluster contains at least two values v;. We want a valuation of feasible
collections of intervals. To this end, we define the width wy of the kth cluster,
say containing values v;, v;11, ..., v;, to be

Wy =vj —v; (1)
The score of a feasible collection c is

Se = m]?x W (2)

If the score is small, then all clusters have small width, an attractive situation.
Let C be the set of feasible ¢. An optimal collection ¢* € C' has minimum score
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among the ¢ € C; and thus is the most attractive one. Therefore, the score of ¢*
is defined via
Sex = Mmin s, (3)
c

We determine an optimal collection ¢* by dynamic programming as follows. For
m >0and 1 <n < N, we compute optimal solutions for the restricted case of
m intervals and for the sequence of values vy, v, ... ,v,. We denote the optimal
score under these restrictions by s)'. The stages of the dynamic programming
recursion are indexed by m, where m = 0 means that no interval is used at all.
In a slight change of notation, denote the width of a cluster starting at v; and
terminating at v, by w;, Since each cluster of a feasible ¢ contains at least two
values v;, the scores s for the stage m = 0 are given by

o _ Joo, ifn=1
Sn = {wl’m otherwise (4)

For statement of the recursive formula for any stage m > 1, let a be any accept-
able interval for the sequence vy, vs,... ,v,. Referring again to the coloring of
the values, this time based on the values in a being red and other values being
green, define the largest v-value that is smaller than all red values to have index
a;, and define the smallest v-value that is larger than all red values to have index
a,. Differently stated, the green values v,, and v,, bracket the red values of the
interval a. With these definitions, the recursive equation for stage m > 1 can be
stated as follows.

= main max{s’a’lhl, Wa, nt ()

Sn
We still must discuss the choice of the size of the intervals. Suppose the interval is
chosen to be very small. Then random changes of values may move a value from
one cluster across the interval into another cluster, an unattractive situation.
We want to choose the interval large enough so that such movement becomes
unlikely. In [2], this situation is investigated for the classification of records into
two classes. For the case of N records, the conclusion of the reference is that the
interval should have roughly log, N data points. In the present context, that size
can lead to odd choices, given that values may occur in multiplicities. Using some
experimentation, the following modification leads to reasonable results. First, a
tolerance € is defined as
€ = (Va, — q,)/10 (6)
Take any value ¢ < N — 1 such that p = ¢ — logy N > 2. Declare the values v;
satisfying v, + € < v; < vg — € to be the points of an interval associated with
index g. By having ¢ take on all possible values, we obtain all intervals of interest
for the optimization problem. There is one more refinement of the method based
on experimentation. We do not want to obtain clusters that are not dense, where
density of a cluster with values v;, vi41,... ,v; is defined to be

dij=wij/(j—i+1) (7)

Specifically, we do not want to have clusters that have less density than the
cluster containing the entire sequence vy, v, ... ,vy. Thus, we declare the width
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of any cluster whose density d; ; is less than di n to be equal to co. We omit
the simple modification of the above optimization formulas (4) and (5) that
accommodate the change.

3 Implementation

We created a subgroup discovery algorithm using the EXARP learning algorithm
of [7], which in turn utilizes the Lsquare algorithm of [3, 4, 8]. Each attribute is
of one of three possible types: (1) target attribute only, (2) explanation attribute
only, or (3) both target and explanation attribute. The goal is to explain the
target attributes using the explanation attributes. The explanations correspond
to the potentially interesting subgroups for each target. If an attribute is labeled
both a target and explanation attribute, it may be explained since it is a target,
and it may be part of explanations for other targets.

Subgroup discovery proceeds as follows. The data set is evenly divided into a
training and testing set. We set the testing data aside, and for the moment use
only the training data. Each target is discretized as described in Section 2. For a
given target, this yields j cutpoints with j uncertain intervals, for j =1, 2, ...
For each such j, we use the intervals to partition the data into two sets, Ayrqin
and Byrqin, in two ways. In the first case, for a given interval, records with
a target value below the interval make up the Ajq.;n set while records with
target value above the interval comprise the By.qin set. If a record’s target value
falls within the interval, the record is considered uncertain and is not used in
computation of explanations. The second case enumerates all pairs of consecutive
intervals, k1 and ko. For each pair, records with a target value less than interval
k1 or larger than interval ko make up the A.qqn set while records with target
value larger than interval k; and less than interval ko make up the Bypqin set.
Analogous to the first case, records with a target value that falls within interval
k1 or ko are uncertain and not used to compute the explanations. The testing
data is partitioned into an A and B set in the same fashion. The EXARP method
of [7] is called to compute two DNF logic formulas that separate the Ayp.q;, and
Birain sets using only the explanation attributes. One formula evaluates to True
for all records of the Aiqqin set while the other evaluates to True for records
of the Bi,qin set. Each clause of the resulting formulas describes a potentially
interesting target subgroup.

Using the discretized testing data, we calculate the significance of subgroups
somewhat differently from current methods [1, 5, 6]. Suppose a formula evaluates
to True on the A records and let T be a clause of the formula. We define the
subgroup S associated with clause T to be

S ={x € A| clause T evaluates to True} (8)

Let n be the number of records in S. A random process is postulated that
constructs records of the A set using the clause T'. We skip the details, but
mention the following. Let p be the probability that the random process produces
at least n records that satisfy the clause. Define ¢ to be the fraction of set B
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for which the clause correctly has the value False. Then the clause significance
is given by

s=(1—p+gq)/2 9)

To reduce the number of significant explanations in the output to the user,
logically equivalent explanations are grouped together in equivalence classes, as
follows. Each attribute appearing in a clause is one of four possible types: (1)
the attribute has low values (e.g., x < 2.5), (2) high values (e.g., x > 7.5),
(3) low or high values (e.g., z < 2.5 || x > 7.5), or (4) neither low nor high
values (e.g., 2.5 < xz < 7.5). Two explanations are logically equivalent if they
meet the following criteria: (1) The explanations describe subgroups for the same
target attribute, (2) the explanations contain the same attributes, and (3) each
attribute must be of the same type in both explanations. The explanation in the
equivalence class with the highest significance is chosen as the representative for
the class. The representative explanations constitute the interesting subgroups
presented to the user.

4 Computational Results

For testing of the TargetCluster algorithm, we use the Abalone, Heart Disease,
and Wine sets from the UC Irvine Machine Learning Repository as well as two
data sets supplied by H. Bickel, Technical University Munich, Germany, and
S. Kiimmel, Charité Berlin, Germany. The data set from Technical University
Munich concerns Dementia and is called SKT; it contains binary and continu-
ous attributes. The data set from Charité Berlin is called Cervical Cancer and
contains only continuous attributes. Thus, we have 5 data sets called Abalone,
Cervical Cancer, Heart Disease, SKT, and Wine. Table 1 summarizes the data
sets.

Table 1. Summary of Data Sets

No. of No. of Attribute Type
Data Set Rec’s Attr’s Target Only Explanation Only Both
Abalone 477 9 nun}ber of  measurements, hone
rings gender
Cervical Cancer 109 11 none none serum levels
Heart Disease 303 14 none age patient
measurements

SKT 183 20 9 test scores, patient none

overall score measurements
color intensity,

i 1 14 . .
Wine 8 none none hue, intensity levels
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We compare the number and significance of subgroups obtained via Target-
Cluster discretization with the results found via a combined equal-width-intervals
and equal-frequency-intervals method (EWF). In both cases, the discretization
data are input to the subgroup discovery method described in Section 3.

The graphs of Figures 2 - 6 illustrate the number of subgroups identified
when EWF and TargetCluster are used and different significance thresholds
are applied. Except for the Heart Disease case, TargetCluster leads to more
subgroups with high significance than EWF.

s EWF
~ CLUSTER

# Distinct Subgroups

0 » -t

085 0896 087 098 089

Significance Threshold

Fig. 2. Abalone Data Set

Table 2 shows the significance value of the highest ranking subgroup produced
via each of the discretization methods. In all cases, TargetCluster discretiza-
tion leads to the discovery of at least one additional subgroup with significance
> 0.98. For instance, using the Cervical Cancer data set, 3 subgroups with sig-
nificance > 0.98 are identified with TargetCluster that are not identified using
EWF.

On average, TargetCluster results in subgroups with higher significance than
EWF. For the SKT data set, EWF does not result in any subgroup with signifi-
cance higher than 0.93. However, the TargetCluster method leads to a subgroup
with significance of 0.98. On average, TargetCluster results in 2.6 additional
subgroups per data set not produced when EWF is used.
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Fig. 4. Heart Disease Data Set
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Table 2. TargetCluster vs EWF

Significance of Highest Number of Subgroups Identified
Ranking Subgroup Significance > 0.98

Data Set EWF et pyp Tareet poqy oAl
Cluster Cluster

Abalone 0.97 0.98 0 1 0 1
Cervical Cancer 0.95 0.99 0 3 0 3
Heart Disease  0.99 0.98 2 1 0 3
SKT 0.93 0.98 0 1 0 1
Wine 0.99 0.99 2 7 2 11
Average 0.966 0.984 0.8 2.6 0.4 3.8

Based on these findings, the TargetCluster method likely is a useful additional
discretization tool for subgroup discovery.

5 Summary

This paper describes the TargetCluster algorithm for discretization of continuous
targets in subgroup discovery. The algorithm is based on a clustering approach
on the real line. TargetCluster has been combined with a subgroup discovery
method. In tests, the use of TargetCluster resulted in a number of additional
interesting subgroups when compared with standard unsupervised discretization
methods.
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