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Data mining discouvers interesting information from a data set. Mining incorporates different
methods and considetfferent kinds of information.Granulation is an important task of
mining. Mining methodsinclude: association rule discouvery, classification, partitioning,
clustering, and sequence discouvery. The data can be extremely largeith multiple

kinds of data in high dimensionality.

Most current clustering algorithms deal wiither quantitative or qualitative data, but
not both. However, many data sets contain a mixture of quantitative and qualitative data. We
are considering how to best group records containing mukiplis of data. It is difficult to
do this. Even grouping based on different quantitative metricsthdsficulties. There are
many partially successful strategies as well as several diffggessible differential
geometries. Adding in various qualitative elements is exceedingly difficult. We expect to use
a mixture of scalar methods, soft computing (rough sets, fuzzy sets), as well as methods using
other metrics.

To cluster records in a data set, it would be useful to hamnitarity measure.Unfor-
tunately, few exist that account meaningfully for any combination of kinds of datan®he
meaningful metrics known are restrictive to a particieza or science. Theethod of
combining magnitude difference and simple matching so that it is general enouginifoy
is a topic that is yet to be reasonably solved. We will present several strategies for integrating
multiple metrics.

1 Grouping Records Together

Clustering groups of objects into clusters so that the similarity anudjects
within the same clustefintra-clustersimilarity) is maximizedand the similarity
between objects inlifferent clusters (inter-clustesimilarity) is minimized. Cluster-
ing increases granule size and is usefutl@amining. Clusteringcan discouver the
generaldistribution of thedata,which is also useful idatamining. It allows dis-
couvery ofsimilar objectsdescribed inthe dataset. Agood characterization of the
resulting clusters can also be a valuable data mining product.

A data set can have millions of records over hundreds of attributes. The attributes
have many disparate kinds of da&mme algorithm®ffer promise in handling mul-
tiple kinds of data. Unfortunately, their complexity is geometrend thus not
scalable. They are useful for small data sets but not suitable for large data sets.

There argwo types ofhierarchical approaches tdustering: agglomerative and
divisive. Agglomerative begins with all objects in their own clusted combines
clusters together for which the similarity is the greatest. This is done repeaiteiily
all objectsare in the same cluster. Divisive begins with all objects in shee
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clusterand doeghe reverse Becauseheseapproaches are based similarity, it is
desirable that an appropriate metric would be available for meaghengimilarity
between records containing any mix of kinds of data.

Another approach tgroupingrecords ispartitioning. An initial clustering is
formed and items are iteratively moved to other clusters to improve the quality of the
clustering. Sometimes, the tepartitioning is used as if synonymous witluster-
ing. However, partitioning can also be approached as aurification process
(Coppersmith, 1999vherepartitions progressivelypecome moreoure. Increasing
granule of small partitions is then a matter of relaxing partioundarieshrough
either rough sets of the incorporation of fuzzy values.

2 Kinds Of Data

Data can be classified by scaedkind (i.e., qualitative or quantitativeMost cur-
rent clustering algorithms deal witjuantitative data. It includesontinuous values,
such as a person’s height, and discrete values, such as the number of cars sold. Quali-
tative data aresimply symbols or names with nwatural scale betweehe values.
This includesnominal datasuch as the color of ear andordinal datasuch as the
doneness of a burger, rare, medium, weltolisequence ahe lack of afixed scale
is difficulty in quantitatively measuring th&milarity betweentwo qualitativeval-
ues. It is common to use simple Boolean matching; e.g., 1 if two values match and
0 if two values do not match. For twpantitative values, thdifference inmagni-
tude is suitable.
Many data sets contain a mixture of kindsdafa. Wherclustering therecords,
it is important that this is taken into account when evaluating:
«the similarity (or its complement dissimilarity) between records,
*when evaluating the clustering, and
«when finding a good representation of a cluster (i.e., in centroid-based clustering).

3 Similarity/Dissimilarity In A Mixture Of Data

Most current similarity metrics use pair-wise comparisons in the measurement of the
overall similarity between two records. For example, if the two records are:

a | b |g
& | b |G

Then the similaritybetweenthe two recordswould be defined assim(al,a2)C
sim(b1,b2)0 sim(cl,c2)whered indicatessome combination operator, usually +.
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Although themeasuréatself can be either kind ofalue, quantitative or qualitative,
most current metrics attempt to derive a quantitative measure.

Developedmethods work sufficiently well for quantitativdata wherethe dis-
similarity between two records could be a function such as an Minkowski metric (or
L, metric) (L, [T (Ix-yilP) 1'P). If the data to belustered is ordinasuch agall, me-
diumandshort, it has beersuggestedhat the valuesan be mappethto numerical
values in a meaningful way. Andsed in a distance measdm quantitativedata
(Han, 2001, 344-5) (Li, 1998). But, this is ngoaranteed to beneaningful. For
example, if the ordinal values amdl, mediumandshort, the differencebetweentall
andmediummay be smaller (or larger) than the difference betwesetiumandshort
In other words, we are assuming that the three values have a fixed and artificial scale.
This becomes a difficultpecausahe metric for quantitativelatauses thescale and
magnitude in the computation of the measure.

There are also metrics such as those based on simple matching (eJacctneé
coefficient) that work well for when all attributeare categorical (Sneath, 1973)
(Wang, 1999). Unfortunately, these values cannot be sensighpedinto a form
appropriate for typical distance measures. For example let D be:

fruit color bag size
apple red 5
orange orange 3
apple green 5

and one arbitrary mappirg be

fruit={orange: 1, apple: 2}

color={red: 1, orange: 2, green: 3}
and another arbitrary mappimg be

fruit={orange: 2, apple: 1}

color={red: 0, orange: 1, green: 6}
When applying Euclidean distandlege distances betweethe mapping targetalues
1&2 and2&3 are equal)); while thedistances betweeb&2 and1&3 arenot equal
(1 vs2). The difficulty is that the metric is defined on quantitative values, but we are
imposing an ordering and a scale that may hreate meaning inthe real world; nor,
is it necessarilyuseful. Therefore, we caronstruct an arbitrarynapping, but we
cannot be sure about the utility of the resulting measure.

Guha (2000) gives an example of a problem twaturs wherusing numerical
distancemetrics, specificallyEuclidean distance, obinary datathat hasbeencon-
verted from market basket data. The difficulty arises wieng themeasure incen-
troid basedclustering, i.e.,one centroid ormean representation for a cluster. It is
possible to reach a point where an itendéterminedcloser to a particular cluster’s
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mean and consequently the item is added to that cluster, when it is actually closer to
another cluster's mean.

Using the metricslevelopedor nominal datacausedoss of informationwhen
applied to quantitativelata(Li, 1998). For example, if using simple matching be-
tween quantitativevalues, 3.4, 3.5and4.2, will all havethe same similarity be-
tweenthem. Thefactthat 4.2 is more dissimilar to 3.4 than 3.5 is lost. Even if
matching were to be used on quantitative rarmyeh as [3.0,3.5], informatiowill
still be lost. For example, if three valua® being comparedsay 3.0, 2.9and 3.4,
then 3.0 will be considered as distant from 2.9 as 3.4 is from 2.9.

Some clusteringapproaches for categoricahlues onlydiscover aclustering of
the categoricalvalues themselves (Gibson, 2000) (Han, 1997) (Zhang, 2000). This
may provide useful informatioand could possibly supplement in the clustering of
the records. Inthe current methodshough, it isunclearhow to derive a specific
measure of closeness for any tparticularvalues. For example, if it idiscovered
thata, b & c belong in the same cluster, haman wedecidethe closeness afach
pair? Isa closer tab than toc? If this could bederived,then it could be used in the
clustering of whole records. It is also ndéarhow these methods adjust fealues
that are found inthe domain ofmultiple attributesThese metricare based on the
frequency and occurrences of values together as does the metric Genatby1999).
This is essentially the problerdiscussed byKanal (1993) when hedliscussed
Watanabe'q1969, 1985)Theorem OfThe Ugly Duckling;” namely thexeeded to
have weighted memberships. One way of achiewieghtedmemberships is to use
soft computing tools.

Other clustering method®sd the clustering of theecords bydeterminingspe-
cific values' occurrence frequency. Wang (198&yeloped gartitioning method us-
ing an evaluation function on the clusters. Whileléesnot generalize to anix of
data kinds, it is an interesting approadang identifiestems thatarepresent in a
cluster above a support threshold. By determiiing sets foreachcluster, one for
items occurring above the supptiitesholdandthe other below, a cost function is
definedusing these sets. The portion of the cost function riqaesentghe intra-
cluster similarity is a count of items in the cluster that are below the threshold.

Huang (1997) (199%xtendsthe distance-basethethod k-meanslgorithm to
handle categorical data. Bysing an integer value, 1 or 0, iltdicate non-matching
andmatching respectively, aategoricalattribute isincorporatedinto the distance
metric. In (Huang, 1997), similarity is computed as the susgafre differences for
the numerical attributesimply added to aveightedsummation of matchefor the
categorical attributes. Simply stated, the similarity is a combination of two metrics,
one for quantitative and one for categorical. The numerical values maintathathe
acteristic of magnitude whileategoricaldatahave no magnitude or ordering. The

To appear in: Fifth International FLINS Conference on Computational Intelligent
Systems for Applied Research (FLINS 2002) 4/8



magnitudes of the quantitative attributes contribute to the measurdiffergntly; a
point previously made by Goodall (1966). For example, let D be:

t, 1 a 2
t, 1 b 2
ts 4 a 2
t, 2 a 1
ts 1 b 4
ts 3 a 3

For this example, the respective similarity using Huang’s approach with weight of 1
(with the suggested weight of 1.27) is displayed in the following matrix:

t; t; {3 t, ts ts
t, 0 1 9 2 5 5
t, 1 0 10 3 4 6
t, 9 10 0 5 14 2
t, 2 3 5 0 11 5
t 5 4 14 11 0 6
t, 5 6 2 5 6 0

Notice that d(tt,)=1 and d(}t;)=9 where d(t) is the distance (dissimilarity) for
objects tand {. Should the magnitudassociatedvith a numerical attributgive
considerablymore to the (dis)similarityneasure betweemecords?Note that { has
two values in common with both and §. In this case, it makes more sensdind
a quantitative metric consistent acradlsof the attributes beingonsidered in the
measure. This follows from the idea of standardizingddtabeforethe computation
of similarity (Everitt, 1993).

Li (1998) developed their methaging theGoodallsimilarity metric(Goodall,
1966). Their metric measures the amount of weight thagttegorical value contrib-
utes to the overall similarity measure. If twecordshavethe same value for an at-
tributek, then the similarity is not necessarily 0 or 1 (match/no-match). krest-
ous metrics allow only match/no-match. Li's value for a matcheisveen Gand 1.
The following table gives thdistanceusing Li's metricfor the previousdataset:
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15 t Ly Ly ts ts

t; ]| 0.16 | 0.31| 0.82] 0.29 0.6] 0.6
t, ]| 0.31 | 0.03[ 0.71] 0.31 0.10 0.9
t; ]| 0.82 | 0.82] 0.41] 0.5 0.99 0.4
t, ]| 0.29 | 0.31| 0.58] 0.84 0.92 0.5
t; || 0.67 | 0.10] 0.99] 0.93 0.10 0.7
t; || 0.66 | 0.93 0.44] 0534 0.71 0.8

NP RN B OO

The metric allocates a value proportional to fregjuency as comparedith other
values. This weight allows for a more meaningful measure. Me&surdakes the
distribution of values intaccountalong with the magnitude. Thehi-squared X2)
statistic is used for computing the measbetwveen recorddBecausehis statistic is
used, there is the assumption of independence among the attributes, which cannot be
guaranteed. It also may not be the hdsh tohavethe distribution of valuesffect
the qualitative values' contribution to the measkm. example, in the sandata
set, ifapplesare a rare value for an attribute whilangesare frequent, if two records
match on the valuapples then shouldpplescontribute more to the measure than if
the two records match @mrange®

The above examplgives twodistancemeasures. Even though botheasures
represent dissimilarity, we cannot compare the metrics dirddtig. is because.i's
measurdakes onreal values Oand 1,whereHuang’s measuréakes on values be-
tween Oandinfinity. Yet, if we think about dissimilarity as imposing amdering
with respect to a record, we can show that we cannot decide whether either measure is
useful. Let t < t stand for tis closer to theecord, {, than t is to . Then with
respect to,t we have t<t, <t, <t =t; < t; with Huang’s metric, where we have t
<t <t <t <ty <t;with Li's metric. This shows that the utility of thaetric
cannot be determined. If two records can be farther or ategnding orthe metric
used, then how can it be decided which metric is useful?

Epilogue

For a metric to cluster records having attributes with different kinds of eaa;
scalar, categoricagtc., it would be useful to have aniform similarity measure.
Unfortunately, very few exist that can handle combinations of different kindataf
The meaningful multi-modal metricae so far restricted tparticular scientific do-
mains. A general method of combining differences in magnitude and kind so suitable
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for data mining is a topic that has yet to be satisfactoedplved. Therare several
open questions that wait for a persistent investigator.
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