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Abstract. A common issue in cluster analysis is that there is no sin-
gle correct answer to the number of clusters, since cluster analysis in-
volves human subjectiv e judgement. Interactiv e visualization is one of
the methods where users can decide a proper clustering parameters. In
this paper, a new clustering approach called CDCS (Categorical Data
Clustering with Subjectiv e factors) is intro duced, where a visualization
tool for clustered categorical data is developed such that the result of
adjusting parameters is instantly re
ected. The experiment shows that
CDCS generates high qualit y clusters compared to other typical algo-
rithms.

1 In tro duction

Clustering is oneof the most useful tasks in data mining processfor discovering
groups and identifying interesting distributions and patterns in the underlying
data. The clustering problem is about partitioning a given data set into groups
(clusters) such that the data points in a cluster is more similar to each other
than points in di�eren t clusters. The clusters thus discovered are then used for
describing characteristics of the data set. Cluster analysis has beenwidely used
in numerousapplications, including pattern recognition, image processing,land
planning, text query interface, market research, etc.

Many clustering methods have beenproposedin the literature, and most of
these handle data sets with numeric attributes where proximit y measurecan
be de�ned by geometrical distance. For categorical data which has no order
relationship, a generalmethod is to transform it into binary data. However, such
binary mapping may losethe meaningof original data set and result in incorrect
clustering as reported in [3]. Furthermore, high dimensions will require more
spaceand time if the similarit y function is involved with matrix computation
such as the Mahalanobis measure.

Another problem wefacein clustering is how to validate the clustering results
and decidethe optimal number of clusters that �ts a data set. For a speci�c ap-
plication, it may be important to have well separatedclusters, while for another
it may be more important to consider the compactnessof the clusters. Hence,
there is no correct answer for the optimal number of clustering since cluster



analysis may involve human subjective judgement and Visualization is one of
the most intuitiv e ways for usersto decidea proper clustering.

In this paper, we present a new approach, CDCS (Categorical Data Cluster-
ing Using Subjective Factors) for clustering categoricaldata. The central idea in
CDCS is to provide a visualization interface to extract users' subjective factors,
and therefore to increasethe clustering result reliabilit y. CDCS can be divided
into three steps. The �rst step incorporates a single-passclustering method to
group objects with high similarit y. Then, small clustersare mergedand displayed
for visualization. Through the proposedinteractive visualization tool, userscan
observe the data set and determine appropriate parametersfor clustering.

The rest of the paper is organized as follows. Section 2 intro duces the ar-
chitecture of CDCS and the clustering algorithm utilized. Section 3 discusses
the visualization method of CDCS in detail. Section 4 presents an experimental
evaluation of CDCS using popular data sets and comparisonswith two famous
algorithms AutoClass [2] and k-mode [4]. Section5 presents the conclusionsand
suggestsfuture work.

2 The CDCS Algorithm

In this section, we intro duceour clustering algorithm which utilizes the concept
of Bayesianclassi�ers as a proximit y measurefor categorical data and involves
a visualization tool of categorical clusters. The processof CDCS can be divided
into three steps. In the �rst step, it applies \simple clustering seeking" [6] to
group objects with high similarit y. Then, small clustersare mergedand displayed
by categoricalcluster visualization. Userscanadjust the mergingparametersand
view the result through the interactive visualization tool. The processcontinues
until usersare satis�ed with the result.

Simple cluster seeking,sometimescalled dynamic clustering, is a one pass
clustering algorithm which does not require the speci�cation of cluster num-
ber. Instead, a similarit y threshold is used to decide if a data object should be
grouped into an existing cluster or form a new cluster. More speci�cally , the
data objects are processedindividually and sequentially . The �rst data object
forms a single cluster by itself. Next, each data object is compared to existing
clusters. If its similarit y with the most similar cluster is greater than a given
threshold, this data object is assignedto that cluster and the representation of
that cluster is updated. Otherwise, a new cluster is formed. The advantage of
dynamic clustering is that it provides simple and incremental clustering where
each data samplecontributes to changesin the clusters.

However, there are two inherent problems for this dynamic clustering: 1) a
clustering result canbe a�ected by the input order of data objects, 2) a similarit y
threshold should be given as input parameter. For the �rst problem, higher
similarit y thresholds can decreasethe in
uence of the data order and ensure
that only highly similar data objects are grouped together. As a large number
of small clusters (called s-clusters)can be produced, the cluster merging step is
required to group small clusters into larger clusters.Another similarit y threshold



is designedto beadjusted for interactivevisualization. Thus,a user'sviewsabout
the clustering result can be extracted when he/she decidesa proper threshold.

2.1 Pro ximit y measure for categorical data

Clustering problem, in somesense,can be viewed as a classi�cation problem for
it predicts whether a data object belongsto an existing cluster or class.In other
words, data in the samecluster can be consideredashaving the sameclasslabel.
Therefore, the similarit y function of a data object to a cluster can be represented
by the probabilit y that the data object belongsto that cluster. Here, we adopt
a similarit y function basedon the naive Bayesianclassi�er [5]. The idea of naive
Bayesis to computed the largest posteriori probabilit y maxj P(Cj jX ) for a data
object X to a cluster Cj . Using the Bayes' theorem, P(Cj jX ) can be computed
by

P(Cj jX ) / P(X jCj )P(Cj ) (1)

Assuming attributes are conditionally independent, we can replace P(X jCj )
by

Q d
i =1 P(vi jCj ), where vi is X 's attribute value for the i -th attribute (X =

(v1; v2; :::; vd)). P(vi jCj ), a simpler form for P(A i = vi jCj ), is the probabilit y of
vi for the i -th attribute in cluster Cj , and P(Cj ) is the priori probabilit y de�ned
as the number of objects in Cj to the total number of objects observed.

Applying this idea in dynamic clustering, the proximit y measureof a incom-
ing object X i to an existing cluster Cj can be computed as described above,
where the prior objects X 1; : : : ; X i � 1 before X i are consideredas the training
set and objects in the same cluster are regarded as having the same class la-
bel. For the cluster Ck with the largest posteriori probabilit y, if the similarit y is
greater than a threshold g de�ned as

g = pd� e � � e � P(Ck ) (2)

then X i is assignedto cluster Ck and P(vi jCk ); i = 1; : : : ; d, are updated ac-
cordingly. For each cluster, a table is maintained to record the pairs of attribute
value and their frequency for each attribute. Therefore, to update P(vi jCk ) is
simply an increaseof the frequency count. Note that to avoid zero similarit y, if
a product is zero, we replace it by a small value.

The equation for the similarit y threshold is similar to the posteriori proba-
bilit y P(Cj jX ) =

Q d
i =1 P(vi jCj )P(Cj ), where the symbol p denotesthe average

proportion of the highest attribute value for each attribute, and e denotesthe
number of attributes that canbe tolerated for variousvalues.For such attributes,
the highest proportion of di�eren t attribute valuesis given a small value � . This
is basedon the idea that the objects in the samecluster should possessthe same
attribute valuesfor most attributes, even though someattributes may be dissim-
ilar. For large p and small e, we will have many compact s-clusters.In the most
extreme situation, where p = 1 and e = 0, each distinct object is classi�ed to
a cluster. CDCS adopts a default value 0.9 and 1 for p and e, respectively. The
resulting clusters are usually small, highly condensedand applicable for most
data sets.



2.2 Group merging

In the secondstep, wegroup the resulting s-clustersfrom dynamic clustering into
larger clusters ready for display with our visualization tool. To merges-clusters,
we �rst compute the similarit y scoresfor each cluster pair. The similarit y score
betweentwo s-clustersCx and Cy is de�ned as follows:

sim (Cx ; Cy ) =
dY

i =1

[
jA i jX

j

minf P(vij jCx ); P(vij jCy )g + � ] (3)

where P(vij jCx ) denotesthe probabilit y of the j -th attribute value for the i -the
attribute in cluster Cx , and jA i j denotesthe number of attribute valuesfor the i
attribute. The idea behind this de�nition is that the more the clusters intersect,
the more similar they are. If the distribution of attribute valuesfor two clusters
is similar, they will havea higher similarit y score.There is alsoa mergethreshold
g0, which is de�ned as below:

g0 = (p0)d� e0
� � e0

(4)

Similar to the last section,the similarit y threshold g0 is de�ned by p0, the average
percentage of common attribute values for an attribute; and e0, the number of
attributes that can be neglected.

For each cluster pair Cx and Cy , the similarit y scoreis computedand recorded
in a n � n matrix SM , wheren is the number of s-clusters.Given the matrix SM
and a similarit y threshold g0, we compute a binary matrix B M (of size n � n)
as follows. If SM [x; y] is greater than the similarit y threshold g0, cluster Cx

and Cy are consideredsimilar and B M [x; y] = 1. Otherwise, they are dissimilar
and B M [x; y] = 0. When parameters p0 and e0 are adjusted, B M is updated
accordingly.

With the binary matrix B M , we then apply a transitiv e concept to group
s-clusters. To illustrate this, in Figure 1, clusters 1, 5, and 6 can be grouped
in one cluster since clusters 1 and 5 are similar, and clusters 5 and 6 are also
similar (The other two clusters are f 2g and f 3,4g). This merging step requires
O(n2) computation, which is similar to hierarchical clustering. However, the
computation is conducted for n s-clusters instead of data objects. In addition,
this transitiv e concept allows the arbitrary shape of clusters to be discovered.

3 Visualization with CDCS

Simply speaking,visualization in CDCS is implemented by transforming a cluster
into a graphic line connected by 3D points. These three dimensions represent
the attributes, attribute valuesand the percentagesof an attribute value in the
cluster. These lines can then be observed in 3D spacethrough rotations. In the
following, we �rst intro duce the principle behind our visualization method; and
then describe how it can help determine a proper clustering.



1 2 3 4 5 6
1 1 0 0 0 1 0
2 0 1 0 0 0 0
3 0 0 1 1 0 0
4 0 0 1 1 0 0
5 1 0 0 0 1 1
6 0 0 0 0 1 1

Resulting groups:
f 1,5,6g,
f 2g,
f 3,4g

Fig. 1. Binary similarit y matrix (BM)

3.1 Principle of visualization

Ideally, each attribute A i of a cluster Cx hasan obvious attribute value vi;k such
that the probabilit y of the attribute value in the cluster, P(A i = vi;k jCx ), is
maximum and closeto 100%. Therefore, a cluster can be represented by these
attribute values.Consider the following coordinate system where the X coordi-
nate axis represents the attributes, the Y-axis represents attribute valuescorre-
sponding to respective attributes, and the Z-axis represents the probabilit y that
an attribute value is in a cluster. Note that for di�eren t attributes, the Y-axis
represents di�eren t attribute value sets.In this coordinate system,we candenote
a cluster by a list of d 3D coordinates, (i; vi;k ; P(vi;k jCx )) ; i = 1; : : : ; d, where d
denotesthe number of attributes in the data set. Connecting thesed points, we
get a graphic line in 3D. Di�eren t clusters can then be displayed in 3D spaceto
observe their closeness.

This method, which presents only attribute valueswith the highest propor-
tions, simpli�es the visualization of a cluster. Through operations like rotation
or up/do wn movement, userscan then observe the closenessof s-clusters from
various anglesand decide whether or not they should be grouped in one clus-
ter. Graphic presentation can convey more information than words can describe.
Users can obtain reliable thresholds for clustering since the e�ects of various
thresholds can be directly observed in the interface.

3.2 Building a coordinate system

To display a set of s-clustersin a space,we needto construct a coordinate system
such that interferenceamonglines(di�eren t s-clusters)canbeminimized in order
to observe closeness.The procedureis asfollows. First, we examinethe attribute
value with the highest proportion for each cluster. Then, summarizethe number
of distinct attribute values for each attribute, and then sort them in increasing
order. Attributes with the samenumber of distinct attribute valuesare further
ordered by the lowest value of their proportions. The attribute with the least
number of attribute valuesare arranged in the middle of the X-axis and others
are put at two endsaccordingto the order described above. In other words, if the
attribute values with the highest proportion for all s-clustersare the samefor
someattribute Ak , this attribute will be arranged in the middle of the X-axis.
The next two attributes are then arranged at the left and right of Ak .



After the locations of attributes on the X-axis are decided, the locations of
the corresponding attribute valueson the Y-axis are arranged accordingly. For
each s-cluster, we examine the attribute value with the highest proportion for
each attribute. If the attribute value hasnot beenseenbefore, it is added to the
\presenting list" (initially empty) for that attribute. Each attribute value in the
presenting list has a location as its order in the list. That is, not every attribute
value has a location on the Y-axis. Only attribute valueswith the highest pro-
portion for some clusters have corresponding locations on the Y-axis. Finally,
we represent a s-cluster Ck by its d coordinates (L x (i ); L y (vi;j ); P(vi;j jCk )) for
i = 1; : : : ; d, where the function L x (i ) returns the X-coordinate for attribute A i ,
and L y (v) returns the Y-coordinate for attribute value v.

A1 A2 A3 A4 A5 A6 A7 A8
a 90% P 100% S 40% x 60% M 100% � 100% G 100% B 99%

s1 b 10% F 30% q 40% C 1%
D 30%

a 100% O 80% S 100% x 40% M 100% � 100% H 100% B 100%
s2 P 20% q 30%

z 30%

(a) Tw o s-clusters and their distribution table

A2 A4 A1 A6 A5 A8 A3 A7

(b) Rearranged X coordinate

s1 (1, 1, 1) (2, 1, 0.6) (3, 1, 0.9) (4, 1, 1.0) (5, 1, 1.0) (6, 1,0.9) (7, 1, 0.4) (8, 1, 1.0)

s2 (1, 2, 0.8) (2, 1, 0.4) (3, 1, 1.0) (4, 1, 1.0) (5, 1, 1.0) (6, 1, 1.0) (7, 1, 1.0) (8, 2, 1.0)

(c) 3-D coordinates for s1 and s2

Fig. 2. Example of constructing a coordinate system

In Figure 2 for example, two s-clustersand their attribute distributions are
shown in (a). Here, the number of distinct attribute values with the highest
proportion is 1 for all attributes except for A2 and A7. For theseattributes, they
are further ordered by the lowest proportion. Therefore, the order for these 8
attributes are A5; A6; A8; A1; A3; A4; A7; A2. With A5 as center, A6 and A8 are
arranged to the left and right, respectively. The rearranged order of attributes
is shown in Figure 2(b). Finally, we transform cluster s1, and then s2 into the
coordinate system we build, as shown in Figure 2(c). Taking A2 for example,
the presenting list includes P and O. Therefore, P gets a location 1 and O a
location 2 at Y-axis. Similarly, G gets a location 1 and H a location 2 at Y-axis
for A7.

Figure 3 shows an exampleof three s-clustersdisplayed in onewindow before
(a) and after (b) the attribute rearrangement. The thicknessof lines re
ects the
sizeof the s-clusters.Comparing to the coordinate system without rearranging
attributes, s-clusters are easier to observe in the new coordinate system since



commonpoints are located at the center along the X-axis presenting a trunk for
the displayed s-clusters.For dissimilar s-clusters, there will be a small number
of common points, leading to a short trunk. This is an indicator whether the
displayed clusters are similar and this concept will be used in the interactive
analysis described next.

� ���

� ���

Fig. 3. Three s-clusters (a) before and (b) after attribute rearrangement.

3.3 In teractiv e visualization and analysis

The CDCS's interface, as described above, is designedto display the merging
result of s-clusters such that users know the e�ects of adjusting parameters.
Instead of showing all s-clusters,our visualization tool displays only two groups
from the merging result. More speci�cally , our visualization tool presents two
groups in two windows for observing. The �rst window displays the group with
the most number of s-clusterssince this group is usually the most complicated
case.The secondwindow displays the group which contains the cluster pair with
the lowest similarit y. The coordinate systemsfor the two groups are conducted
respectively.

Figure 4 shows an exampleof the CDCS's interface. The dataset usedis the
Mushroom databasetaken from UCI [1]. The number of s-clustersobtained from
the �rst step is 106.The left window shows the group with the largest number of
s-clusters,while the right window shows the group with the least similar s-cluster
pair. The number of s-clusters for these groups are 16 and 13, respectively, as
shown at the top of the windows. Below these two windows, three sliders are
used to control the parameters for group merging and visualization. The �rst
two sliders denote the parametersp0 and e0 usedto control similarit y threshold



g0. The third slider is used for noise control in the visualization so that small
s-clusterscan be omitted to highlight the visualization of larger s-clusters.Each
time the slider is moved, the merging result is computed and updated in the
windows. Userscan also lock one of the windows for comparison with di�eren t
threshold.

(a)

(b)

Fig. 4. Visualization of the mushroom dataset (a) a strict threshold (b) a mild threshold

A typical processfor interactive visualization analysis with CDCS is as fol-
lows. We start from a strict threshold g0 such that the displayed groups are
compact; and then relax the similarit y threshold until the displayed groups are
too complex. A compact group usually contains a long trunk such that all s-
clusters in the group have samevaluesand high proportions for theseattributes.
A complex group, on the other hand, presents short trunk and contains di�eren t
values for many attributes. For example, both groups displayed in Figure 4(a)
have obvious trunks which are composedof sixteen commonpoints (or attribute
values). For a total of 22 attributes, 70% of the attributes have the common
valuesand proportions for all s-clustersin the group. Furthermore, the propor-
tions of theseattribute valuesare very high. Through rotation, we also �nd that
the highest proportion of the attributes outside the trunk is similarly low for all
s-clusters.This implies that theseattributes are not common features for these



s-clusters. Therefore, we could say both these groups are very compact since
thesegroups are composedof s-clustersthat are very similar.

If we relax the parameter e0 from 2 to 5, the largest group and the group with
least similar s-clustersare the samegroup which contains 46 s-clusters,asshown
in Figure 4(b). For this merging threshold, there is no obvious trunk for this
group and someof the highest proportions outside the trunk are relatively high
while someare relatively low. In other words, there are no common features for
theses-clusters,and this mergethreshold is too relaxed sincedi�eren t s-clusters
are put in the samegroup. Therefore, the merging threshold in Figure 4(a) is
better than the one in Figure 4(b).

In summary, whether the s-clustersin a group are similar is basedon users'
viewpoints on the obvious trunk. As the merging threshold is relaxed, more
s-clusters are grouped together and the trunks of both windows get shorter.
Sometimes,we may reach a stagewhere the mergeresult is the sameno matter
how the parametersare adjusted. This may be an indicator of a suitable cluster-
ing result. However, it depends on how we view these clusters since there may
be several such stages.

4 Exp erimen ts

We presents an experimental evaluation of CDCS on �v e real-life data setsfrom
UCI machine learning repository [1] and comparesits result with AutoClass [2]
and k-mode [4]. The number of clusters required for k-mode is obtained from
the clustering result of CDCS. To study the e�ect due to the order of input
data, each dataset is randomly ordered to create four test data sets for CDCS.
Four usersare involved in the visualization analysis to decidea proper grouping
criteria.

The �v e data sets used are Mushroom, Soybean-small, Soybean-large,Zoo
dataset and CongressVoting which have been used for other clustering algo-
rithms. Table 1 records the number of clusters and the clustering accuracy for
the 5 data sets.As shown in the last row, CDCS has better clustering accuracy
than the other two algorithms. CDCS is better than K-mode in each experiment
given the samenumber of clusters. However, the number of clusters found by
CDCS is more than that found by AutoClass, especially for the last two data
sets. The main reason for this phenomenonis that CDCS re
ects users' view
on the degreeof intracluster cohesion.Various clustering results, say 9 clusters
and 10 clusters, can not be observed in this visualization method. In general,
CDCS has better intracluster cohesionfor all data sets, while AutoClass has
better cluster separation (smaller intercluster similarit y) on the whole.

5 Conclusion

In this paper, we intro duced a novel approach for clustering categorical data
basedon two ideas. First, a classi�cation-based concept is incorporated in the
computation of object similarit y to clusters; and second,a visualization method



# of clusters Accuracy
AutoClass CDCS AutoClass K-mo de CDCS

Mushro om 22 21 0.9990 0.9326 0.996
22 attributes 18 23 0.9931 0.9475 1.0
8124 data 17 23 0.9763 0.9429 0.996
2 lab els 19 22 0.9901 0.9468 0.996
Zo o 7 7 0.9306 0.8634 0.9306
16 attributes 7 8 0.9306 0.8614 0.9306
101 data 7 8 0.9306 0.8644 0.9306
7 lab els 7 9 0.9207 0.8832 0.9603
Soyb ean-small 5 6 1.0 0.9659 0.9787
21 attributes 5 5 1.0 0.9361 0.9787
47 data 4 5 1.0 0.9417 0.9574
4 lab els 6 7 1.0 0.9851 1.0
Soyb ean-large 15 24 0.664 0.6351 0.7500
35 attributes 5 28 0.361 0.6983 0.7480
307 data 5 23 0.3224 0.6716 0.7335
19 lab els 5 21 0.3876 0.6433 0.7325
V oting 5 24 0.8965 0.9260 0.9858
16 attributes 5 28 0.8942 0.9255 0.9937
435 data 5 26 0.8804 0.9312 0.9860
2 lab els 5 26 0.9034 0.9308 0.9364

Av erage 0.8490 0.8716 0.9260
T able 1. Num ber of clusters and clustering accuracy for three algorithms

is devised for presenting categorical data in a 3-D space.Through interactive
visualization interface, userscan easily decidea proper parameter setting. From
the experiments, we concludethat CDCS performsquite well comparedto state-
of-the-art clustering algorithms. Meanwhile, CDCS handlessuccessfullydata sets
with signi�can t di�erences in the sizesof clusters. In addition, the adoption of
naive-Bayes classi�cation makes CDCS's clustering results much more easily
interpreted for conceptual clustering.
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