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Abstract. In this paper, an efficient Hybrid Hierarchical Agglomerative
Clustering (HHAC) technique is proposed for effective clustering and pro-
totype selection for pattern classification. It uses the characteristics of
both partitional (an incremental scheme) and Hierarchical Agglomerative
Clustering (HAC) schemes. Initially, an incremental, partitional cluster-
ing algorithm - leader is used for finding the subgroups/subclusters. It
reduces the time and space requirements incurred in the formation of the
subclusters using the conventional hierarchical agglomerative schemes or
other methods. Further, only the subcluster representatives are merged
to get a required number of clusters using a hierarchical agglomerative
scheme which now requires less space and time when compared to that
of using it on the entire training set. Thus, this hybrid scheme would
be suitable for clustering large data sets and we can get a hierarchical
structure consisting of clusters and subclusters. The subcluster repre-
sentatives of a cluster can also handle its arbitrary/non-spherical shape.
The experimental results (Classification Accuracy (CA) using the pro-
totypes obtained and the computation time) of the proposed algorithm
are promising.

1 Introduction

Clustering is basically an unsupervised learning technique to divide the data
into groups of similar objects by using a distance or similarity function. Cluster-
ing is mainly used for prototype selection/abstractions for pattern classification,
data reorganization and indexing and for detecting outliers and noisy patterns.
The earlier approaches do not adequately consider the fact that the data set
can be too large and may not fit in the main memory of some computers. It
is necessary to examine the principle of clustering to devise efficient algorithms
to minimize the I/O operations and space requirements and to get appropri-
ate prototypes/abstractions to increase the Classification Accuracy (CA). Clus-
tering techniques are classified into hierarchical and partitional methods [3, 5].
Hierarchical clustering algorithms can be either divisive (top-down) or agglomer-
ative (bottom-up). Single Link Algorithm (SLA) and Complete Link Algorithm

S.K. Pal et al. (Eds.): PReMI 2005, LNCS 3776, pp. 583–588, 2005.
c© Springer-Verlag Berlin Heidelberg 2005



584 P.A. Vijaya, M.N. Murty, and D.K. Subramanian

(CLA) are Hierarchical Agglomerative Clustering (HAC) schemes which require
the distance/proximity matrix [3].

K-means, K-medoids and K-medians algorithms [3, 5] are partitional cluster-
ing approaches which are based on K centroids, medoids and median patterns
of the initial partitions respectively and are iteratively improved. In data min-
ing applications, both the number of patterns and features are typically large.
SLA, CLA, K-means, K-medoids and K-medians based algorithms are not fea-
sible for large data sets. Following are some of the clustering approaches that
have been used on large data sets. CLARA, CLARANS and CURE [5] cluster-
ing schemes are designed to find clusters using random samples (subset of the
original set). Divide and conquer scheme, a data partitioning technique, is used
for disk resident data sets [3]. Incremental clustering methods such as leader
based algorithm [3, 6] and BIRCH [5] are more efficient for clustering large data
sets as they involve very few database scans (less I/O operations). Leader is a
simple partitional clustering technique suitable for any type of data set such as
numerical, categorical and sequence whereas BIRCH is an incremental hierar-
chical agglomerative clustering technique and is suitable only for numerical data
sets. In [6], we had proposed an incremental top-down hierarchical approach for
clustering large data sets using nearest leader based algorithm [7].

The problem we have considered here is: Given a large data set, design and
implement an efficient hybrid technique to find a good set of prototypes from
meaningful partitions/groupings so as to improve the CA and reduce the compu-
tation time and space requirements. In the literature, a fuzzy hybrid hierarchical
clustering method has been used by Arnaud et al. [1] using fuzzy c-means and a
hierarchical agglomerative scheme. A hybrid hierarchical clustering scheme has
been designed for protein data set by Harlow et al. [2] using Markov cluster-
ing and a hierarchical agglomerative scheme. A hybrid clustering scheme has
been developed by Mark et al. [4] for clustering genes using PAM (Partitioning
Around Medoids) [5] and merging operations. Fuzzy c-means, PAM and Markov
clustering methods are computationally expensive for large data sets when com-
pared to leader based method. Also, a set of leaders may form a better set of
prototypes than that of random samples chosen as prototypes. This is evident
from Figure 4, drawn based on the experimental results for one of the data sets
(Pendigits) used. Leader based algorithm is suitable for preprocessing or at the
first level of a hybrid clustering scheme for large data sets.

In this paper, we propose a hybrid clustering method which combines the
characteristics of an incremental, partitional clustering algorithm - leader and a
hierarchical agglomerative clustering scheme. This clustering technique is suit-
able for numerical, categorical and sequence data sets with suitable similarity
measures. In this paper, we report the results for numerical data sets and we
use Euclidean distance for characterizing dissimilarity between two patterns.
This paper is organized as follows. Section 2 contains the details of the pro-
posed method. Experimental results and discussions are presented in section 3.
Conclusions are provided in section 4.
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2 Proposed Method

In the proposed Hybrid Hierarchical Agglomerative Clustering (HHAC) algo-
rithm, there are two phases. In the first phase, leader based algorithm is used to
generate subclusters (say S representatives, S < n, where n is the total number
of training patterns) using a suitable threshold value. In the second phase, these
S representatives are merged using a hierarchical agglomerative scheme such as
SLA or CLA to obtain say K clusters and thus K cluster representatives. In
SLA, the two clusters with the smallest minimum pairwise distance are merged
at every level whereas in CLA, the two clusters with the smallest maximum
pairwise distance are merged.

In leader algorithm, the first pattern is selected as the leader of a cluster and
each of the remaining patterns is either assigned to one of the existing clusters
or may become leader of a new cluster based on the user defined threshold value.
There are two ways of assigning the next pattern to a cluster [7]. In one scheme,
the next pattern is compared with the leaders created in the order one by one. It
is assigned to the leader under consideration if the distance is less than or equal
to the threshold value and the remaining leaders are not considered further. Let
us refer to this method as ‘Ordered Leader No Update (OLNU)’ as the
cluster representative is not updated. In the other scheme, the next pattern is
tested with all the existing leaders and is assigned to the nearest leader/cluster
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if the distance is less than or equal to the threshold value. Let us refer to this
method as ‘Nearest Leader No Update (NLNU)’. OLNU/NLNU algorithm
[7] requires only one database scan and its time complexity is O(nSd), where d
is the total number of attributes in a pattern. OLNU method takes less training
time than NLNU method [7]. We use OLNU method in the preclustering process
or at the first stage in a bottom-up hybrid hierarchical clustering technique
such as HHAC for large data sets when the number of subclusters formed is
large.

A small threshold value is chosen (for a dissimilarity index measure) to obtain
a set of subclusters so that its size is larger than the number of clusters to be
generated. In HAC schemes, the subclusters are formed in the beginning and
these steps are replaced by the incremental partitional scheme - leader. This is
used to save the operations performed in the first S levels in any HAC schemes
as shown in Figure 1. These S representatives are merged using a HAC scheme
to obtain say K clusters as shown in Figure 2. We use centroid as the cluster
representative for numerical data at the second level.

Time and space complexity of the proposed method is less compared to the
conventional HAC algorithms which use all the n training patterns as singleton
clusters. As S < n, S representatives and S × S distance matrix may be ac-
commodated in the main memory and hence reduces the disk I/O operations
for large data sets. The space requirement of the HAC scheme in the second
phase of HHAC is O(S2) instead of O(n2). Time complexity of the hierarchical
agglomerative scheme is O(S2d) instead of O(n2d) for SLA and is O((S2logS)d)
instead of O((n2logn)d) for CLA. Thus, HHAC algorithm generates a hierar-
chical structure as shown in Figure 3 and it consists of subgroups/subclusters
within each cluster as required in many applications. Its time complexity is
O((nS + S2)d) or O((nS + S2logS)d) for leader with SLA or CLA respec-
tively. There would be several subgroups/subclusters in each group/cluster of
numerical data sets such as handwritten or printed character data sets. It is
necessary to find these subgroups/subclusters also. Subcluster representatives
of a cluster can take care of the arbitrary shape of that cluster. If a repre-
sentative from each subgroup is chosen then naturally CA would be improved.
Prototypes (representatives of the clusters and subclusters) are generated using
the training data set. During classification/testing phase, for every test pat-
tern, the nearest cluster representative is found first and then the nearest sub-
cluster representative in that cluster is determined. Then the test pattern is
classified based on the nearest of these two. For different values of threshold
and K, experiments (both training and testing) are conducted and the results
are evaluated. To evaluate the clustering quality (quality of the prototypes se-
lected), labelled patterns are considered. During training phase they are treated
as unlabelled patterns and the prototypes are selected. The quality of the pro-
totypes is evaluated using the CA obtained on the test/validation data set.
The experimental results of the proposed method are discussed in the following
section.
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3 Experimental Results

To evaluate the performance of HHAC algorithm, experiments were conducted
on many data sets from machine learning repository of University of Califor-
nia, Irvine (http://www.ics.uci.edu/). Because of the space constraints, we are
reporting few results for one of the data sets - Pendigits. There are 7494 pat-
terns in the training set, 3498 patterns in the testing set and 10 classes with 16
numerical attribute values.

Table 1. Time and Classification Accuracy (CA)

Algo- Thres- Subclusters Clusters Training Testing CA
rithm hold (S) (K) time (s) time (s) (%)
NNC - - 7494 - 135.57 97.74
SLA - - 861 61662.97 14.98 87.19

- - 2298 55018.08 40.73 96.65
CLA - - 861 68862.83 15.27 97.28

- - 2298 60241.55 40.76 97.88
LSLA(K) 20 4816 861 15380.90 15.89 86.62

20 4816 2298 11977.26 41.58 96.45
25 3361 861 4799.22 13.37 91.19
25 3361 2298 2760.94 41.60 97.36

LCLA(K) 20 4816 861 16884.30 15.34 96.48
20 4816 2298 12780.51 41.27 98.02
25 3361 861 5021.54 13.08 95.91
25 3361 2298 2839.51 40.16 97.51

LSLA(S+K) 20 4816 861 15380.90 18.35 88.67
20 4816 2298 11977.26 46.10 96.51
25 3361 861 4799.22 16.93 92.45
25 3361 2298 2760.94 41.99 97.48

LCLA(S+K) 20 4816 861 16884.30 18.27 97.25
20 4816 2298 12780.51 42.48 98.02
25 3361 861 5021.54 14.33 97.02
25 3361 2298 2839.51 40.55 97.62

LSLA - Leader and SLA, LCLA - Leader and CLA. K or S+K within brackets indicates
the set of prototypes used during testing phase

The experiments were done on an Intel pentium-4 processor based machine
having a clock frequency of 1700 Mhz and 512 MB RAM. In each case, differ-
ent threshold and K values were used for HHAC algorithms. The performances
of Nearest Neighbour Classifier (NNC) [3, 6] and HAC schemes have also been
reported in Table 1. Performance with CLA is the best among the four HAC
schemes - SLA, CLA, Average Link algorithm and Weighted Average Link algo-
rithm, for the data sets used. We have reported the results for SLA and CLA.
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From the results obtained (as shown in Table 1), it is evident that HHAC algo-
rithms performed well compared to HAC approaches in terms of computation
time for almost the same CA or even more. Training time is the time taken for
generating the prototypes. Testing time is the time taken for classifying all the
test patterns. After the training phase, testing time is less when only cluster
representatives are used but increases a little when subcluster representatives
are also used. Even then, it is less when compared to NNC. The CA is greater
than or as that of NNC when both cluster and subcluster representatives are
used. Even if more number of prototypes are generated, classification time is less
as only a part of the hierarchical structure is searched.

4 Conclusions

In this paper, experimental results of HHAC algorithm on numerical data sets
show that it performs well by properly tuning the threshold and K values. HHAC
algorithm is used to generate clusters and subclusters - a hierarchical structure.
If both cluster and subcluster representatives are used then the CA is nearly
same as that of NNC or even more. Subclusters can be obtained at low compu-
tation cost when compared to the conventional HAC schemes or other partitional
methods, by using an incremental partitional approach such as leader. The per-
formance of the hybrid technique with K-means or K-medoids at the second level
is also found to be good. The proposed technique can also be used on protein
sequence data sets, text and web document collection with appropriate distance
measures.
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