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Abstract— A dissimilarity-based measure is considered to
develop a framework for clustering categorical time series.
By assessing both closeness of raw categorical values and
proximity between dynamic behavior it measures the
dissimilarity between two categorical time series. For the
latter, the temporal correlation for categorical-valued
sequences is computed using a particular index[1]. The
dissimilarity measure is then used to perform clustering by
considering a modified version of the k-modes algorithm
specifically designed to provide with a better characterization
of the clusters. Most of the clustering algorithms handling
data with categorical attributes focus on the “static” nature of
the problem. More specifically, the similarity search between
two data objects is based on exact matches between attributes,
without regarding proximity between temporal behaviors.
This is equivalent to ignore the order of occurrence.
Nevertheless, in many real applications the clustering task is
precisely aimed to identify groups of data objects showing
similar behavior over time. A typical example is the problem
motivating the present work, namely identifying web-user
profiles according to the browsing behavior on a particular
web site. Model-based clustering assumes the dynamic
structure of all data can be represented by Markov chain
models. Distance-based clustering is a more intuitive
approach which relies on the choice of a suitable measure of
dissimilarity between data objects[2],[3].
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I. INTRODUCTION

Categorical data is the statistical data type consisting of
categorical variables or of data that has been converted into
that form, for example as grouped data. Categorical time
Series data is a statistical data that consists of both categorical
variables and time sequences which indicates the occurrence
of the categorical variable. Compared to numeric data, the
clustering task with categorical data presents additional
difficulties inherent to its discrete nature, namely lack of the
“mean” concept, and the need of introducing a meaningful
measure for the similarity between categorical values, a more
challenging goal than in the numeric field. Categorical Time
Series data are frequently encountered in clustering
applications in many fields, such as genetics (sequence
alignment clustering), business (segmentation of customers
in accordance with their market basket), public health
(clustering of patients based on the set of presented
symptoms), social and behavioral sciences (identification of
groups of people exhibiting different social habits and
behaviors) or computer science (detection of user profiles
based on browsing history). The aim of the project is to create
a framework for clustering categorical time series based on
dissimilarity measure. The dissimilarity measure is computed
by assessing both closeness of raw categorical values and

proximity between dynamic behaviors. A dissimilarity
measure with this combined attributes is used for clustering
the categorical time series using the k-modes algorithm. The
clustering task with categorical time series data presents
additional difficulties inherent to its discrete nature when
compared to numeric data. There is lack of the “mean”
concept in categorical time series, hence there is a need of
introducing a meaningful measure for the similarity between
categorical values, which is a more challenging goal than in
the numeric field. In case of categorical data alone, the
clustering algorithms focus on the “static” nature of the
problem. More specifically, the similarity search between two
data objects is based on exact matches between attributes,
without regarding proximity between temporal behaviors.
This is equivalent to ignore the order of occurrence[4],[5].
Nevertheless, in many real applications the clustering task is
precisely aimed to identify groups of data objects showing
similar behavior over time. A typical example is the problem
motivating the present work, namely identifying web-user
profiles according to the browsing behavior on a particular
web site. Hence the importance of categorical time series is
focused

Categorical time series data is clustered using k-
modes algorithm by implying dissimilarity based measure.
Austrian Wage Mobility Dataset is used as the input for
categorical time series data. The dataset consists of 4
categories of Wage Mobility including Unemployed, Low
Wage, Climbers and Flexible which comprises the
categorical attributes. It also includes the years which
comprises the temporal attributes[6],[7].

The dataset shows the annual income of each person
throughout the years belonging to a particular category.

In clustering procedure using k-modes algorithm,
initially a  dissimilarity measure between the observed
categories is computed regardless of the underlying temporal
structures using Ahmad and Dey distance. Then a measure of
proximity between temporal patterns is constructed. Based on
the concept of first-order temporal correlation for numerical
data, an innovative correlation index to categorical sequences
is introduced[8],[9]. A general dissimilarity measure is
developed in the third step by modulating the Ahmad and Dey
distance according to the correlation. This way, both
dissimilarity between observations and between temporal
patterns contribute to the final measure, and the user is free
of determining the weight of each of them according to the
purpose[10],[11].

Il. PROPOSED METOD

Categorical Time Series data consists of both categorical
attributes and temporal attributes. A novel approach for
clustering categorical time series using dissimilarity based
measure is proposed. The dissimilarity measure is a general
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measure comprising both closeness of categorical values and
proximity between the temporal patterns.

Austrian Wage Mobility Dataset is the dataset used
as input for categorical time series. The dataset consists of N
=176 time series observations of Austrian workers entering
the labour market in 1987-1989. The time series represent
gross monthly wages in May of successive years .The gross
monthly wage is divided into four categories labeled with 1
up to 4 of 176 Austrian workers. Category 1 corresponds to
Low Wage, Category 2 corresponds to Unemployed,
Category 3 corresponds to Climbers and Category 4
corresponds to Flexible.

Categorical time series are frequently encountered
in clustering applications in many fields, such as genetics
(sequence alignment clustering), business (segmentation of
customers in accordance with their market basket), public
health (clustering of patients based on the set of presented
symptoms), social and behavioral sciences (identification of
groups of people exhibiting different social habits and
behaviors) or computer science (detection of user profiles
based on browsing history)[10],[11]. Compared to numeric
data, the clustering task with categorical data presents
additional difficulties inherent to its discrete nature, namely
lack of the “mean” concept, and hence there is a need of
introducing a meaningful measure for the similarity between
categorical values, a more challenging goal than in the
numeric field.

Ill. CLUSTERING ALGORITHM

An efficient cluster algorithm has been developed to obtain
clusters of ordered categorical patterns. It is a variant of k-
modes algorithm which uses the concept of dissimilarity
measure.

A. Initial Assignment:

Initial assignment of clusters is done based on random initial
assignments. The clustering parameters like number of
clusters and number of iterations are initially assigned. The
number of clusters is assigned as 3 and number of iterations
is assigned as 100.

B. Calculation Of Cluster Centers:

Initialize the clustering index for each time series data. The
original time series data is normalized. A discrete version of
the numerical attributes is found for the clustering procedure.
The significance of each attribute is determined which
denotes the probability of the attribute in the cluster.
Specifically, the j -th entry of each cluster center is defined
by the proportional distribution of the different categorical
values at entry j within the cluster. Each distribution is
referred as Cj , and thus the cluster center is denoted by
C=(C1,..Cj,..Cm)

where the j -th component, Cj , is represented by

C. = Cjl1 Cj2 ... CjL

J le pjg ij
As an example, consider a clustering of categorical sequences
taking values on six categories labeled by {1, 2, .. ., 6}. Lets
us suppose a cluster with center C and sample size NC = 70,
whose members show at the entry j the codes 2, 4 and 6 with

frequencies 20, 22 and 28, respectively. Then the cluster
center at entry j is represented by

1 2 3 4 5 6
j= 20 22 28

0 70 0 70 0 70
This definition of cluster center is indeed more intricate than
the one commonly considered in the k-modes algorithm,
namely the vector formed by the modes observed at each
entry within the cluster. Nevertheless, the definition
considered here allows us to fully capture the complexity
involved in categorical clusters.

C

C. Computing Distances Between Patterns And Cluster
Centers:

Distances between individual patterns and cluster centers
need to be calculated in order to re-compute the centers with
the new assignment of elements in successive iterations of the
algorithm. The aim is to measure distance between two
categorical time series not only in terms of distance between
values but also by quantifying the affinity of their behaviors
through time. To attain this, a three-step approach has been
followed.
1) Computing dissimilarity between two sets of categorical
values
2) 2. Computing dissimilarity between temporal patterns
3) 3. Combining correlation and the Ahmad and Dey
dissimilarity
First, a dissimilarity measure between the observed
categories is computed regardless of the underlying temporal
structures. Although the commonly used simple matching
dissimilarity could be chosen, the distance introduced by
Ahmad and Dey. Unlike the binary distance, the Ahmad and
Dey distance takes into account the distribution of values in
the overall dataset by examining co-occurrences. Second, a
measure of proximity between temporal patterns is
constructed. Based on the concept of first-order temporal
correlation for numerical data, an innovative correlation
index to categorical sequences is introduced. This index by
itself is capable of producing satisfactory clustering results as
long as a correlation structure is behind the data. According
to the initial purpose, a general dissimilarity measure is
developed in the third step by modulating the Ahmad and Dey
distance according to the correlation. This way, both
dissimilarity between observations and between temporal
patterns contribute to the final measure.

D. Cluster Center Update:

Distribution of each cluster center is recalculated from the
new assignments made in the previous steps.

E. lteration:

The previous two steps are repeatedly carried out until
convergence is reached. By convergence it is meant
stabilization of the cluster assignment between two
consecutive steps, or alternatively reaching a predetermined
maximum number of iterations[8],[9].

IV. WORKING OF THE PROPOSED APPROACH

The Graphical User Interface(GUI) consists of an option to
browse the input data from the system. The Austrian Wage
Mobility dataset is loaded to the framework. The plot of the
dataset is displayed in the GUI. An option to process the
dataset is present. On clicking 'Process', clusters of
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categorical time series data can be viewed. Since there are
three clusters there are three tables representing the clusters.
Each table consists of the same number of rows as that of the
original dataset. The values not belonging to the cluster is
represented using zeros in the clusters.

V. DISSIMILARITY MEASURE

The clustering of categorical time series is based on

dissimilarity measure which is computed to determine the

distance between the patterns and the cluster centers. The

dissimilarity should consists both the distance measure

between the categorical attributes and also the proximity

between the temporal patterns. The calculation of the

dissimilarity measure consists of the following steps:

1) Computing dissimilarity between two sets of categorical
values

2) Computing dissimilarity between temporal patterns

3) Combining correlation and the Ahmad and Dey
dissimilarity

A. Computing Dissimilarity Between Two Sets of

Categorical Values:

A dissimilarity measure between the observed categories is
computed regardless of the underlying temporal structures.
Although the commonly used simple matching dissimilarity
could be chosen, we propose to use the distance introduced
by Ahmad and Dey. The Ahmad and Dey’s distance between
two categorical values u j , v j in the same chronological entry
j,withrespecttow Ainentry i, is defined as

(Siu(.’,f_’i. l,.‘j) = ﬁf(u_.‘li,{j) — ﬁi(ﬁ]hg_}-)

with W the complementary subset of w and the
probability estimate, obtained as the observed frequency of
appearance. The algorithm for distance measure is given as:
1) Algorithm 1:

Input — Data set D with m attributes and n data objects, in
which the numerical attributes have been discretized.

Output — Distance between every pair of attribute values for
all attributes.

Begin

For every attribute Ai

{

For every pair of categorical attribute values (x,y) of Ai
{

Sum =0;

For every attribute Ai # Aj

{

Compute dij(x,y) using find_max();

Sum = Sum + dij(x,y);

}

d(x,y) = Sum/(m-1);

} endFor

} endFor

End

2) Algorithm 2:

Input — Two attribute columns Ai and Aj, two attribute values
x and y of Ai

Output — Distance dij(x,y).

Begin

dij(x,y) = 0; /* distance initialized to 0 */

w’=0; /* Support set initialized to NULL */
For (t = 1; t<=vj; t++)

If P(U[t]/x) >= P(u[t]/y) /* u[t] occurs more frequently with
x than with y */

{add u[t] to wO; /* u[t] is added to support set */

dij(x,y) = dij(xy) + P(u[t]/x);}

Else

{add u[t] to w’; /* u[t] is added to complement of support set
*/

dij(x,y) = dij(x,y) + P(u[tlly);}

} endfor

dij(x,y) = dij(xy) -1;

End

B. Computing Dissimilarity Between Temporal Patterns:

The proximity measure or correlation measure between two
time series U and V is calculated using the equation:

cov(U, V)
Jvar(U)/var (V)

where var represents variance of the time series U and

C. Combining Correlation And The Ahmad And Dey
Dissimilarity:
regarding both distance between individual components and
proximity between temporal behaviours can be constructed.
between U and V, dcorr (U, V), aiming to modulate distance
according to temporal correlation, is given by

dcorr (U, V) = g« (corr(U, V)) x dAD(U, V)
where ¢y is an exponential function,

ok (X) = 2/1 + exp (kx)

with k €N a value regulating the balance between correlation
and distance.

corr(U, V) =

VI. EXPERIMENTS

This section gives the result of plotting the dataset and
clustering of categorical time series in the form of tables.

A. Interface for Categorical Time Series Data:
oy -~ 1N

Categorcal Time Seres Clustenng Based on Dissmlanty

Elapees Tima & - 850508

Pracess

Fig. 1: Interface for clustering categorical time series data
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Fig. 2: Interface for clustering categorical time series data
with numeric attributes
On clicking '‘Browse' button the required dataset is uploaded.
After uploading the dataset a graph is plotted for the dataset.
The dataset is clustered into 3 groups on the basis of
dissimilarity measure. The clusters are represented in the
form of tables in the interface.

Results show that clusters for categorical time series
dataset and categorical time series dataset with numeric
attributes are different based on dissimilarity measure.
Moreover the execution time for categorical time series
dataset including numeric attributes is more than the
execution time for categorical time series dataset.

VII. CONCLUSION

Categorical data is the statistical data type consisting of
categorical variables or of data that has been converted into
that form, for example as grouped data. Contribution of this
work is to provide a complete framework to perform
clustering on categorical time series, including algorithms
and tools specifically designed to capture and visualize the
dynamic patterns hidden in a database. The proposed
methodology aims to measure dissimilarity taking into
account the dynamic structure of data. A new temporal
correlation index between categorical-valued series is
introduced and dissimilarity measures involving this index
are established[3],[4],[5]. This enables us to assess both
closeness of raw attributes and proximity between dynamic
behaviours. Cluster analysis is performed using a variant of
the k-modes algorithm where each centroid is given by the
distribution of values within the cluster . Definitions of
correlation and dissimilarity between two categorical time
series are properly extended to measure dissimilarity and
correlation between a series and a cluster center.
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