
 1

  
Abstract—In this paper a clustering algorithm for documents is 

proposed that adapts a sampling-based pruning strategy to 
simplify hierarchical clustering. The algorithm can be applied to 
any text documents data set whose entries can be embedded in a 
high dimensional Euclidean space in which every document is a 
vector of real numbers. This paper presents the results of an 
experimental study of the proposed document clustering 
technique. The performance of the method is illustrated in terms 
of quality of clusters.  
 

Index Terms— Agglomerative clustering, Document clustering, 
and k-means clustering. 
 

I. INTRODUCTION 

 ocument Clustering has been extensively investigated as 
a methodology for improving document search and 

retrieval. The general assumption is that mutually similar 
documents will tend to be relevant to the same queries, and 
hence, that automatic determination of groups of such 
documents can improve recall and precision by effectively 
broadening a search request [10].  

       Many techniques are used for document clustering 
[1],[5],[6],[7]. The two main approaches used for document 

clustering are the agglomerative hierarchical and the k-means 
clustering techniques. k-means is a partitional clustering 
technique based on the idea that a center point (centroid), 
representing the average point of the data points grouped in 
one cluster, can represent a cluster. Given the number of 
required clusters (k) and the initial k center points (centroids), 
documents can be clustered by assigning each document to the 
cluster having the nearest centroid. This is done by measuring 
similarity through the distance function between the document 
and each of the k centroids. A new centroid is then re-
computed for each newly created cluster, and the whole 
process is repeated until no change in the k centroids or the 
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detected change is less than a determined threshold. 
       On the other hand, the agglomerative clustering 

algorithm is a hierarchical technique that produces a nested 
sequence of partitions, with a single, all-inclusive cluster at the 
top and singleton clusters of individual points at the bottom 
[3],[9]. It starts with each document as an individual cluster, 
and at each iteration, merges the most similar or closest pair of 
clusters until one cluster is obtained. Therefore, clustering 
should stop before obtaining the single cluster depending on a 
specified condition, such as the number of clusters required, or 
the quality of the clusters to obtain.  

       Agglomerative hierarchical clustering is often portrayed 
as “better” than K-means, although slower. It is also superior 
to k-means clustering, especially for building document 
hierarchies. [1],[2],[3],[8]. The traditional agglomerative 
hierarchical clustering procedure is summarized as follows [3]: 

1. Compute the similarity between all pairs of clusters, i.e., 

calculate a similarity matrix whose ijth entry gives the similarity 
between the ith and jth clusters. 

2. Merge the most similar (closest) two clusters. 
3. Update the similarity matrix to reflect the pairwise 

similarity between the new cluster and the original clusters. 
4. Repeat steps 2 and 3 until only a single cluster remains. 
       There are different hierarchical clustering algorithms 

[1],[3],[8]. The only real difference between these different 
hierarchical schemes is how they choose which clusters to 
merge, i.e., how they choose to define cluster similarity.(i.e. 
Intra-Cluster Similarity Technique (IST), Centroid Similarity 
Technique (CST), and Unweighted Pair Group Method with 
Arithmetic mean (UPGMA)). 

       Among the several obstacles to be faced in text mining, 
the amount of preprocessing that has to be applied to a 
document for text mining purposes, and the documents 
mathematical representation [4]. 

        In this paper, an agglomerative technique is applied to 
document clustering that adapts a sampling-based pruning 
strategy to simplify hierarchical clustering. The algorithm can 
be applied to any text documents data set whose entries can be 
embedded in a high dimensional Euclidean space (i.e. in which 
every document is a vector of real numbers). The proposed 
algorithm is followed by an experimental study and the 
obtained results while varying its different parameters and 
observing their effect on the resulting cluster qualities.  
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    This paper is organized as follows. Section 2 discusses 

the preparation of text documents in order to be clustered. 
Section 3 explains the method used in our system for 
document clustering, and section 4 presents the results of 
experiments evaluating the performance of the system. Finally, 
section 5 concludes the paper.  

  

II. DOCUMENTS PREPARATION 

     In order to apply any clustering algorithm on text 
documents, some steps should be followed [2],[3],[4]. These 
are:  

a) Preprocessing 
       Initially, Very common words, (i.e. prepositions and 

non-content bearing words, often known as stop words), are 
removed completely from documents. In addition, stemming is 
applied where different forms of a word are reduced to a single 
stem form. In our work, Porter’s suffix stripping algorithm is 
used [11]. Now documents are ready to be mathematically 
represented.  

 
b) Mathematical Representation 
       In our system, the vector space model is used, where 

each document is represented by the (TF) vector, d, in the 
multidimensional space of document words. The Term-
Frequency vector is: 

    ) tf,, tf,(tf  d n21tf L=         (1) 

 
 where tfi  is the frequency of the ith term in the document. 

Given a set, S, of documents and their corresponding vector 
representations, the centroid vector, c, is defined to be:    

∑
∈

=
S|S|

1

d

dc              (2) 

  
which is obtained by averaging the weights of the various 

terms present in the documents of S, where d is the document 
vector obtained from the set S. Thus, the vector space model 
of a text data set is considered to be a word-by-document 
matrix whose rows are words and columns are document 
vectors.  

 
c) Dimension Space Construction 
       Since the document vectors are of high dimensionality, 

pruning can be used to reduce the dimensionality. A threshold 
P is given, and words having a frequency less than this 
threshold are removed completely from the document vectors.  

       At this stage, document vectors lengths are not unified. 
Therefore, a superset vector is created that contains all words 
in all the documents after pruning. This superset vector is then 
compared to each document vector, and each document vector 
is mapped from its own space to the superset vector space. If a 

word found in the superset vector is missing in the document 
vector, it is added to the document vector with term frequency 
zero. Thus a dimension space is constructed, where each word 
in a document vector is considered to be a dimension. 

 
d) Similarity Measure:    
       Document vectors are now ready for clustering, where 

similar document vectors are grouped together in the same 
cluster. The similarity measure between any two vectors is 
computed using the Minkowski distance function,  
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(3)            
where i represents the ith document vector and j represents 

the jth document vector, xip is the word number p in the ith 
document vector; xjp is the word number p in the jth document 
vector, q is the power of the distance function. This similarity 
measure can be one of the following approaches: a) Single 
linkage, b) Complete linkage, and c) Centroids similarity [8]. 

In this work, the third approach is used, where similarity 
between two clusters is measured between the centroids of 
each. The centroid of a cluster is its average element. 

 

III. T HE PROPOSED CLUSTERING ALGORITHM 

The proposed clustering algorithm reads the whole 
collection of documents to create the corresponding document 
vectors, which are pruned by the given threshold, P. The 
dimension space is then constructed as explained, and a 
random sample, R, is chosen from the data set. Agglomerative 
clustering is then applied to this chosen sample using the 
Centroid Similarity Technique (CST), where at each 
successive iteration, pairs of clusters having their similarity 
measurement value below an incrementing step value, are 
merged together into one cluster. At the next iteration, the 
incrementing step is increased and the procedure is repeated 
until the given agglomerative distance threshold, A, is 
exceeded. This agglomerative distance threshold at which the 
agglomeration stops, that is, the distance between clusters, is 
taken as the quality measure for the agglomerative clusters.  

       When agglomeration stops, the number of the created 
clusters is considered to be the number of the clusters that will 
contain all the document vectors of the whole data set, and the 
computed centroids of the created clusters are the initial 
centroids for the document vectors of the whole data set. 
Individual documents that have not been merged yet with other 
clusters are considered to be individual clusters, having the 
individual document vector as the centroid vector of the 
considered cluster. 

       Hence, the first run of k-means algorithm is applied, 
where each document vector of the whole data set is assigned 
to the cluster having the nearest or the most similar centroid 
vector. The quality of an obtained cluster for these documents 
assignment is taken as the intra-cluster similarity measure, that 
is, the sum of the distances between each document vector and 
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the centroid vector of the cluster to which this document is 
attached.  This value is then normalized by dividing it by the 
number of documents assigned to the considered cluster. The 
total quality value is computed by summing up the quality 
values of all the created clusters, which is normalized by 
further dividing this total value by the number of the created 
clusters. That is, cluster quality equals: 

 

Cluster Quality = 
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where dij is the ith document vector in the data set and 

belongs to the jth cluster, cj is the centroid vector of the jth 
cluster, k is the number of the required clusters and n is the 
number of documents in the whole data set. The complexity of 
the proposed clustering algorithm is O(m2 + kn), where m is 
the number of chosen documents in the random sample, k is 
the number of created clusters, and n is the number of 
documents in the whole data set.  

 

IV. EXPERIMENTS AND RESULTS 

       The proposed clustering algorithm is studied by 
examining it on the NSF (National Science Foundation) data 
set obtained by downloading 725 abstracts of the grants 

awarded by the NSF. These abstracts included subjects Such 
as astronomy, population studies, undergraduate education, 
materials, mathematics, biology, health, oceanography, 
computer science and chemistry. Different pruning thresholds 
are applied on the data set with P = 2, 3, 4, 5, 6, 7 where most 

of the document vectors contained no words at P = 7. 
       After creating the corresponding superset vector and 

constructing the dimension space, samples of R = 10%, 20% 

were chosen to run the agglomerative clustering approach on 
these sample document vectors. At this stage, the Euclidean 
distance function (q = 2) is used to compute distances between 

the vectors. Different agglomerative distance thresholds are 
also applied, A = 5, 10, 15, and 20 where the number of the 

created clusters at A = 20 was only two. The effect of varying 

these parameters on the number of the created agglomerative 
clusters and the quality of the final resultant clusters are 
monitored.  Figure  (1) represents a graph showing the sizes of 

the created matrices of the dimension spaces constructed for 
the chosen sample at R = 10% and 20% and for the whole data 

set. The rows represent the number of contained words 
(obtained from the superset vector) and the columns represent 
the number of considered document vectors. It is clear that as 
the pruning threshold value (P) increases, the matrices size 
decreases.  At higher pruning thresholds, the matrices size are 
almost similar for both sample sizes R = 10% and 20%. 
 

                  Fig. 1 Matrices Sizes for Constructed Dimension Spaces 

 
TABLE I 

K VALUE AT DIFFERENT AGGLOMERATIVE THRESHOLDS WITH SAMPLE 

SIZE = 10% 

 
 

TABLE 2 
K VALUE AT DIFFERENT AGGLOMERATIVE THRESHOLDS WITH SAMPLE SIZE 

=20% 

 
 

TABLE 3 
K VALUE AT DIFFERENT PRUNING THRESHOLDS WITH SAMPLE SIZE = 10% 

 
 
 
 
 

 
TABLE 4 

K VALUE AT DIFFERENT PRUNING THRESHOLDS WITH SAMPLE SIZE = 20% 
 

Agglomerative 
Threshold 

P = 2 P = 3 P = 4 P = 5 P = 6 P = 7 

5 69 67 61 51 39 27 

10 47 29 26 23 11 19 

15   16 12 9 7 5 

20     3 2 2 2 

Pruning 
Threshold 

A =  5 A =  10 A =  15 A =  20 

2 69 47     

3 67 29 16   

4 61 26 12 3 

5 51 23 9 2 

6  39 11 7 2 

7 27 19 5 2 

Pruning Threshold A =  5 A =  10 A =  15 

2 137     

3 117 64 29 

4 108 47 26 

5 84 39 20 

6 69 28 15 

7 48 20 14 
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       Tables (1) and (2) shows k value at different 

agglomerative thresholds A, for R = 10% and 20% 

respectively. The more the pruning threshold P increases, in 
other words, the more the document vectors are reduced, the 
less the number of created agglomerative clusters obtained (k 
value). On the other hand, tables (3) and (4) shows k value at 

different pruning thresholds P for R = 10% and 20% 

respectively. It was found that the more the agglomerative 
distance threshold A increases, the less the number of created 
agglomerative clusters obtained (k value). 
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Fig. 2 Pruning Threshold Effect on Cluster Quality At Different 

Agglomerative Thresholds with Sample Size = 10% 
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       Fig. 3 Pruning Threshold Effect on Cluster Quality At Different 

Agglomerative Thresholds with Sample Size = 20% 
 

 
   By studying the pruning threshold effect on the cluster 

quality of the resultant clusters from our proposed algorithm as 
shown in figures (2) and (3) for R = 10% and 20% respectively 

and for different values of A, it was found that as the pruning 
threshold P increases, the resultant cluster quality increases 
except for the highest pruning threshold P = 7 where the 

resultant cluster quality decreased again. This is due to the 
removal of many words from the document vectors that 
distinguish documents from one another. 
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Fig. 4 Agglomerative Threshold Effect on Cluster Quality At Different 

Pruning Thresholds with Sample Size = 10% 
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Fig. 5 Agglomerative Threshold Effect on Cluster Quality At Different 

Pruning Thresholds with Sample Size = 20% 
 
 

       As for the effect of the agglomerative distance 
threshold, A, on the resultant cluster quality for R = 10% and 

20% respectively and for different P values as shown in figures 

(4) and (5), it was found that the more the agglomerative 

distance threshold A increases, the higher is the cluster quality 
of the resultant clusters.  

 

Agglomerative 
Threshold 

P = 3 P = 4 P = 5 P = 6 P = 7 

5 117 108 84 69 48 

10 64 47 39 28 20 

15 29 26 20 15 14 
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       After studying the effect of both pruning and 

agglomerative distance thresholds on the resultant cluster 
quality, it can be summarized that at the same value of the 
agglomerative threshold, A, the variation in the resultant 
cluster quality at the different pruning thresholds, P is high. 
But at the same value of the pruning threshold, P, the variation 
in the resultant cluster quality at the different agglomerative 
thresholds, A, is low. This is valid for both the sample sizes, R 
= 10%, 20%. 

 

V. CONCLUSION  

       In this paper, we applied an agglomerative technique to 
document clustering that adapts a sampling-based pruning 
strategy to simplify hierarchical clustering depending on the 
required quality for the obtained clusters. The proposed 
algorithm combines the agglomerative hierarchical approach 
with the first run of k-means approach to provide k disjoint 
clusters. An experimental study was conducted to evaluate the 
different parameters affecting the resultant cluster quality of 
the obtained clusters specifically the pruning threshold, the 
agglomerative threshold for the sample sizes of 10% and 20%. 

It was shown that the variation in the resultant cluster quality 
at the different pruning thresholds is high, versus the variation 
in the resultant cluster quality at the different agglomerative 
thresholds, thus pruning threshold effect is dominant. 
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