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Abstract

Basic objective in cluster analysis is to discover natural groupings of items. In
general, clustering is conducted based on some similarity (or dissimilarity) matrix or
the original input data. Various measures of similarities between objects are developed.
In this paper, we consider a clustering of huge categorical real data set which shows
the aspects of time-location-activity of Korean people. Some useful similarity measure
for the data set, are developed and adopted for the categorical variables. Hierarchical
and nonhierarchical clustering method are applied for the considered data set which is
huge and consists of many categorical variables.
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1. Introduction

Cluster analysis is a more primitive technique in that no assumptions are made concerning
the number of groups or the group structure. Grouping is done on the basis of similarities or
dissimilarities (distances) between objects or variables. Cluster analysis is designed to detect
hidden groups or clusters in a set of objects which are described by numerical, linguistic or
structural data such that the members of each cluster behave similarly to each other with
respect to given data and groups are hopefully well separated.

Most efforts to produce a rather simple group structure from a complex data set necessarily
require a measure of closeness or similarity. Important considerations include the nature of
the variables (discrete, continuous, binary) or scales of measurement (nominal, ordinal,
interval, ratio) and subject matter knowledge.

There are two key steps in applying the clustering procedure. First, we need to decide on
a measure of inter-object similarity. Secondly, we must specify a procedure for forming the
clusters based on the chosen measure of similarity. When items are clustered, proximity is
usually indicated by some sort of distance.

There are several methods of cluster analysis. These include, hierarchical methods, non-
hierarchical methods, optimizing methods, mixture models and density methods. For details,
see Cox (2005).
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Among the several clustering methods, hierarchical methods of cluster analysis start with
each object in a cluster of its own and then continually join clusters together, until there is
only one cluster consisting of all the objects. Linkage methods are suitable for hierarchical
clustering methods. On the while, nonhierarchical methods are designed to group items,
rather than variables, into a collection of K clusters. The number of clusters, K, may either be
specified in advance or determined as part of the clustering procedure. K-means clustering,
a well known nonhierarchical clustering, can best be described as a partitioning method.
MacQueen (1967) suggests the term K-means for describing his algorithm that assigns each
item to the cluster having the nearest centroid.

Many scholars had studied clustering method and the results are abundant. Jain and
Moreau (1987) studied the application of bootstrap method to cluster analysis. Kim (2009)
considered a practical application of cluster analysis using SPSS. Kang et al . (2006) stud-
ied spatial cluster analysis for earthquake on the Korean peninsula. Kim and Lim (2003)
studied cluster analysis with air pollutants and meteorological factors in seoul. Almeida et
al . (2007) improved hierarchical clustering in a outlier detecting sense. Dillon and Gold-
stein (1984) have discussed graphical approach to cluster analysis. Kaufman and Rousseauw
(1990) improved hierarchical clustering methods. Huang (1997) suggested a fast algorithm
to cluster very large categorical data sets in data mining. Huang (1998) also suggested K-
modes algorithm which can be thought an extension to the K-means clustering for categorical
variables.

In this paper, we apply the clustering method for the huge categorical real data set. The
appropriate measures of similarity for the data set is developed. After we develop similarity
measures for huge and categorical data set in section 2, we explain a considered real data
set, huge and consists of many categorical variables in section 3. The results of cluster
analysis based on hierarchical and nonhierarchical methods is given in section 4. We give
the conclusion in section 5.

2. Developed similarity measures

As mentioned in section 1, measures of similarity between objects is required for the cluster
analysis. Most efforts to produce a rather simple group structure from a complex data set
necessarily require a measures of “closeness” or “similarity”.

LetXjk be a observation of the kth variable on the jth object andX ′
j = (Xj1, Xj2, · · · , Xjp)

be the set of observations for the p variables of jth object. For all of the objects, sample
data matrix X of size N × p can be represented as

X =


X11 X12 · · · X1p

X21 X22 · · · X2p

· · ·
XN1 XN2 · · · XNp


For these data matrix, when the p variables are continuous, Euclidean distance

d(X ′
j , X

′
k) =

√
(Xj1 −Xk1)2 + · · · (Xjp −Xkp)2 (2.1)

is widely used as measures of dissimilarity for the pair of random vector (Xj , Xk), k, j =
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1, 2, · · · , N . Another dissimilarity measure is the Minkowski metric

d(X ′
j , X

′
k) =

p∑
l=1

|(Xjl −Xkl)|1/m (2.2)

For m = 1, (2.2) is called the city-block distance between two points in p dimensions. For
m = 2, (2.2) becomes the Euclidean distances. By this way, we can get the distance matrix
of size N ×N

D =


d11 d12 · · · d1N
d21 d22 · · · d2N

· · ·
dN1 dN2 · · · dNN

 (2.3)

for all of the pairs of items.
But, in case of p categorical variables, these distance matrix D can not be used directly

anymore. We need another kind of similarity measures for each pair of items based on the
attributes of p variables.

In this paper, we considered the following measures of similarity for categorical variables.
Let xij be the observed value of the jth categorical variable on the ith item and xkj be
also the observed value of the jth variable on the kth item, j = 1, 2, · · · , N . If the value
of xij and the value of xkj are equal, that means the ith item and kth item have the same
property at the jth variable. Consequently, we can get a new dissimilarity measure for the
pair (X ′

j , X
′
k), k, j = 1, 2, · · · , N

d(X ′
j , X

′
k) =

1

p

p∑
i=1

δ(xji, yki) (2.4)

where

δ(x, y) =

{
0 (x = y)

1 (x 6= y)

is an indicator function. This dissimilarity measure can be extended to more complicated
cases. For example, when the each categorical data has more meanings, say 2 characteristics,
then the dissimilarity measure (2.4) can be extended as

d(X ′
j , X

′
k) =

1

p

p∑
i=1

δ1(xji, xki) +
1

p

p∑
i=1

δ2(xji, xki) (2.5)

where δi, i = 1, 2 are the appropriate indicator functions.

3. Data explanation

In this section, we explain the data set which is used to cluster analysis. This data set
considers several variables, such as time, location and activities, simultaneously. Among the
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Korean people in 2004, 19,025 people are randomly selected. They are asked where they
are and what they did at every 10 minutes interval during 24 hours. We call this “time-
location-activity” data. The number of time related variables are 144 (24 hours). Activities
are classified as 9 big categories, 50 middle categories, and 137 small categories. For example,
sleeping, watching television, studying and so on. Location is separated as “in home”, “out
home” and “moving”. Table 3.1 shows the specification of the data set. Also figure 3.1 shows
a small part of the crude data set.

Table 3.1 Data set information

Number of
19,052

Number of
3

Observation location variable
Number of

144 Number big 9
Time variable
Number of

3

of
middle 50

characteristics activity
in one data

class small 137

Figure 3.1 A part of “time-location activity” crude data

The data 733 in the first row of the figure 3.1 means the obs 1 (people) watched television
at am 0:00 and the 1 after 733 means he (she) was at home at that time. The other data
can be similarly interpreted something like that. For the clustering of above data set, we
combine the data set as in figure 3.2.

Figure 3.2 A part of combined (activity and location) data

The location variable (in, out, moving) in figure 3.1 was combined to the activity variable
in figure 3.2. The data in 1733 in the first row means obs 1 watched television at home at
am 0:00. So the data value 1733 can be viewed as having two characteristics at specified
time variable.
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For the data in figure 3.2, we can get the similarity or dissimilarity value between items
based on the developed formula (2.5). A part of calculated distance matrix between objects
are showed in figure 3.3.

Figure 3.3 A part of distance matrix between objects

Now we are ready to begin cluster analysis.

4. Results of cluster analysis

In this section, we give the results of cluster analysis of the “time-location-activity” data
set of section 3. For the cluster analysis, we used SPSS (2004) software (version 12). We
consider two clustering method, hierarchical and nonhierarchical method, respectively. The
hierarchical clustering was conducted first with average linkage. Dendrogram of hierarchical
clustering is given in figure 4.1. Due to the huge data set, the output of hierarchical clustering
doesn’t look like a good summary of items. There are lots of clusters, so we can not identify
the characteristics of groups even though several similarity level such as 10%, 15%, 20 %
and 25% were considered.

Figure 4.1 A part of dendrogram of time-location-activity data set

Now, we consider nonhierarchical clustering method as an alternative way of hierarchical
method. K-means clustering was conducted with K=10. The group number 10 was chosen
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based on the prior knowledge. Table 4.1 shows the number of group elements based on the
results of K-means clustering. Table 4.2 shows the distances between 10 group centroid.

Table 4.1 The number of items in each group

cluster number 1 2 3 4 5 6 7 8 9 10 total
number of items 1890 1678 396 248 1007 1517 2470 2900 3304 3615 19,025

Table 4.2 The distances between group centroid

group 1 2 3 4 5 6 7 8 9 10
1 0 4.197 8.726 7.111 6.253 3.530 5.698 3.971 4.994 2.879
2 4.197 0 7.448 7.930 4.534 3.667 3.424 5.221 6.098 4.503
3 8.726 7.448 0 6.021 6.590 7.352 6.836 9.120 8.637 9.188
4 7.111 7.930 6.021 0 7.407 7.728 9.176 6.541 6.445 6.684
5 6.253 4.534 6.590 7.407 0 5.750 5.829 5.243 4.243 6.056
6 3.530 3.667 7.352 7.728 5.750 0 3.256 5.307 6.142 4.546
7 5.698 3.424 6.836 9.176 5.829 3.256 0 7.275 7.907 6.714
8 3.971 5.221 9.120 6.541 5.243 5.307 7.275 0 2.920 2.618
9 4.994 6.098 8.637 6.445 4.243 6.142 7.907 2.920 0 4.205
10 2.879 4.503 9.188 6.684 6.056 4.546 6.714 2.618 4.205 0

We can get a group characteristics by searching the questionnaires of the same group. Table
4.3 shows the group characteristic of 10 clusters.

Table 4.3 Group characteristics

cluster no. of items peculiarity age, feature area

1 1890
female, low income, agriculture,

60-70, old age Gangwon
no job

2 1678
no farm, male, job, realty dealer,

50-60, male
illiteracy

3 396 farm, female, job, 35-60

4 248
farm, an unmarred, no job, 10-15, student

Jeolla
low income, service industry 60-70

5 1007
male, job, manufacturing

10-19, 40-50
Gyeonggi

business, construction industry,
Chungcheong

high income, highly educated

6 1517

no farm, job, lodging industry,

Seoul
wholesale trade, a repairman semi 20-35,
expert, high income, highly 40 worker
educated

7 2470

no farm, male, job, manufacturing

Ulsan
business, lodging industry, 20,
equipment installation, middle 40 male worker
income, high school graduate

8 2900
no farm, job, lodging industry, 20-30
educational service, service

service industry
industry, low-middle income
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Table 4.3 Continued

cluster no. of items peculiarity age, feature area

9 3304

no farm, male, an unmarried, job,

Incheon
manufacturing and construction 10-20
industry, a clerical worker, male worker
manager, middle-high income,
high school graduate

10 3615
farm, female, no job, agriculture 60-70 old age,

Jeolla
and forestry, skilled worker, low 40female
income, illiteracy, housewife Gangwon

Total 19,025

5. Conclusion

In this paper, we consider the application of cluster analysis to the time-location-activity
data which are huge and real. Hierarchical clustering with aveage linkage and nonhierarchical
clustering (K-means clustering) were considered. For huge data set, hierarchical clustering
method does not provide a meaningful group separation due to the structural problem of
statistical clustering method. K-means clustering was useful method for our data set. From
the result of K-means clustering, we can grasp group character and get some information
for that group. These information can be used to the next stage of further research topic.
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