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Abstract. The task of finding semantically related words from a text corpus has 
applications in - to name a few - lexicon induction, word sense disambiguation 
and information retrieval. The text data in real world, say from the World Wide 
Web, need not be grammatical. Hence methods relying on parsing or part-of-
speech tagging will not perform well in these applications. Further even if the 
text is grammatically correct, for large corpora, these methods may not scale 
well. The task of building semantically related sets of words from a corpus of 
documents and allied problems have been studied extensively in the literature. 
Most of these techniques rely on the usage of part-of-speech or parse 
information. In this paper, we explore a less expensive method for finding 
semantically related words from a corpus without parsing or part-of-speech 
tagging to address the above problems. This work focuses on building sets of 
semantically related words from a corpus of documents using traditional data 
clustering techniques. We examine some key results and possible applications 
of this work. 

1   Introduction 

This study focuses on building sets of semantically related words from a corpus of 
documents using traditional data clustering techniques. The task of building 
semantically related sets of words from a corpus of documents and allied problems 
have been studied extensively in the literature. Most of these techniques stem from 
the Computational Linguistics community and many involve parsing of the 
documents. We represent each word as a vector which reflects the distribution of 
occurrences of the same word in the different documents. Semantically related sets 
are derived by means of clustering of these word vectors. Our work presents a 
significant departure from the earlier literature in dealing with the problem. Firstly, 
we do not make use of any parsing or part of speech tagging techniques and represent 
each document as just a bag of words, a common representation in the information 
retrieval and data mining community. Secondly, we attempt to use the information 
based on the document frequencies of the words whereas the traditional approaches 
have treated the entire corpus of documents as a collection of sentences. Once again, 
document frequency has been put to good use and comes from the data mining 
community [1].  Thirdly, given that our aim is to build collections of words, we use 
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the k-means clustering algorithm instead of hierarchical agglomerative clustering 
which has been the popular choice in literature.  
 
Section 2 reviews related work in the area. Section 3 puts down the motivation behind 
our work. The experimental methodology is detailed in Section 4 with the results of 
the experiments summarized in Section 5. Section 6 lists the conclusions derived from 
the experiments. Some possible application areas for semantically related word 
clusters are discussed in Section 7. Section 8 summarizes the contributions of this 
work and lists pointers for future work.  

2   Related Work 

One among the earliest works which focuses on a related problem [3] talks about 
identifying the ranked list of similar nouns, given a noun in the corpus. It introduces 
the concept of mutual information for a noun-verb pair and extends it to define a 
similarity measure for every noun-noun pairs. The more similar they are according to 
the similarity measure, the more semantically related, they are expected to be. [6] 
addresses the problem of clustering words to find sets of similar words. Words are 
represented by the relative frequency distributions of contexts in which they appear, 
and relative entropy is used to measure the dissimilarity of those distributions. A soft 
hierarchical clustering of data is done to get the relationships between the words.  [2] 
describes a methodology to create a thesaurus from a given corpus. From each 
sentence, they derive triples of the type <w1,r,w2> which indicates that word w1 is 
related to word w2 by the relationship r. Such triples are used to derive a similarity 
measure for word-pairs which quantifies the confidence that a word describes another. 
Hierarchical Agglomerative Clustering is done to get a tree structure to represent the 
entire thesaurus. [4] addresses the problem of finding the hypernyms of a particular 
noun (similar to [2]). The similarity measure of a noun pair is parameterized only by 
the number of times the nouns co-occur in a conjunction or appositive with the other 
in contrast to [2]. Hierarchical agglomerative clustering is done to obtain a tree which 
is further used to find hypernyms. As can be seen, most of the work in this regard 
comes from the computational linguistics community. Finding ‘semantic relationship’ 
is almost always considered as a problem which involves parsing and exploitation of 
co-occurrence information. Further, all the methods referred to above, use hierarchical 
agglomerative clustering to build a measure of semantic relationship between words. 
[21] uses LSA (Latent Semantic Analysis) and PoS tag information for finding related 
words. LSA uses Singular Value Decomposition (SVD), a dimension reduction 
technique, which brings related words closer in the reduced dimension. While it is 
possible to use LSA for clustering related words, it has been used in conjunction with 
PoS tag information. 



3   Motivation 

Clustering is a very popular technique in the data mining community and has been 
applied to document collections to find clusters of similar documents. It has been 
shown [8] that standard k-means clustering works better than hierarchical techniques 
for document clustering. k-means has been very popular in the text mining 
community and many variants have evolved over time (of which most of them try to 
incorporate semi-supervision) such as COP-k-means [9], Seeded k-means and 
Constrained k-means [10]. Given that text clustering using k-means has worked well, 
it is obvious that it has been able to infer the semantic relationship between the 
different documents. We outline a very standard methodology for extracting the 
vectors from the text corpus and try to put forward our motivation in a simple and 
intuitive manner.  
 
Given a corpus, the text clustering task usually starts off with building the term 
document matrix which has as many rows as the number of documents and as much 
columns as the number of words. Each entry in the matrix indicates the number of 
times the corresponding word has occurred in the corresponding document. Each row 
corresponds to the TF (term frequency) vector of the particular document. Further 
techniques to process the matrix involve normalization of each document vector to 
add up to a constant, whereby we get the normalized TF (nTF) vector. An additional 
step of Inverse Document Frequency Weighting may be incorporated before 
normalization, whereby we get the normalized TF-IDF vector. Given the TF, nTF or 
nTFIDF vectors of the documents, clustering is a straightforward task. Having 
outlined the document clustering task, an analogous method of term clustering is not 
very difficult to perceive. In the term document matrix, each column corresponds to a 
term and the transpose can be used as a Document Frequency (DF) vector, whereas a 
normalized version of the DF vector could analogously be termed the nDF vector.  
 
Given that the clustering of TF, nTF and nTFIDF vectors do aid discovering semantic 
relationships among documents, we argue that the clustering of the DF, nDF and 
nDFITF vectors would aid discovering semantic relationships among the words. More 
abstractly, we argue that if the clustering of the rows of the term document matrix is 
useful, clustering of the columns of the term-document matrix can’t be useless. 
Having put forward our motivation, we go forward to verify and quantify the utility of 
such an approach.  

4   Experiment Methodology 

4.1   Dataset 

We used the Time corpus [11], a popular dataset in the Information Retrieval and 
Data Mining communities which consists of 423 articles published by the Time 
magazine during the cold-war period (1960s). The corpus consists of documents 



which have comparable lengths which is a desirable property for our experiments. 
The entire dictionary of words in the corpus, after stop-word removal and stemming, 
is of size 20000. 

4.2   Vectors Used 

As already mentioned in section 3, we represent each term by the corresponding 
column vector from the term document matrix (whose elements are term frequencies 
in a document). The raw column vectors normalized so that each vector has elements 
summing up to unity from the term document matrix are hereafter referred to as the 
normalized Document Frequency (nDF) vectors. We use the set of nDF vectors in our 
experiments.  

4.3   Clustering Methodology 

The work makes no assumption on the type of clustering methodology to use. 
However, for the purpose of this experiment we demonstrate results using k-means 
clustering. The sets of nDF vectors were clustered using the k-means algorithm. k-
means takes the number of clusters (to be generated in the output) as a parameter. 
Given that we do not have any knowledge of the number of clusters that exist, we 
tried out different values of k. The values chosen were 10, 20, 50 and 100. The actual 
k-means clustering was done using the WEKA Toolkit for Data Mining [12] 
developed by the University of Waikato, New Zealand.  

 4.4   Evaluation of Clusters 

With a dictionary size of 20000, the average cluster size is of the order of hundreds of 
words. Evidently, it is difficult to manually verify the goodness of the clusters. One 
obvious solution would be to compare the clusters with a well-defined ontology such 
as WordNet [13]. But the Time corpus had a lot of proper nouns such as names of 
countries and people who were in the news during the cold-war period, thus rendering 
the comparison with WordNet inappropriate. We introduce a hypothesis which aids us 
in evaluating the clusters.  
 
Hypothesis: The points closest to the cluster center are representative of the cluster. 
 
As this hypothesis is intuitively justifiable to an extent, we choose not to further 
explain it here. We take the m closest points to the cluster center (for each of the 
clusters generated) and use them to represent the cluster. We call these words as 
“Representative Words.” If the words thus selected are semantically related to each 
other then the representative words can be said to be semantically coherent. As we 
move away from the cluster center, the semantic coherence of the words is expected 
to decrease. For the purpose of our experiments, we take five words (m=5) closest to 
the cluster center. To evaluate the semantic coherence of the five words thus selected, 



we use independent knowledge sources such as Google [14] and Wikipedia [15]. Past 
work, including, [18], [19] and [20], all compare their results against a lexical 
resource like WordNet. Instead, we appeal to knowledge sources like Google and 
Wikipedia to evaluate the effectiveness of our clusters. We queried the knowledge 
sources manually using various combinations of the five words of each cluster and 
tried to understand the semantic similarity among them in the context of the cold-war 
(the timeframe during which the articles in the time corpus were published).   
 

5   Results 

We present herewith the results of the experiments. We choose to present the results 
of the experiments with k=10 fully and a sample of semantically coherent clusters 
from the results for k=50 (due to space limitations). Some clusters have less than 5 
words in them. Descriptions are not provided for clusters whose semantic coherence 
we were unable to mine manually and those for which the semantic coherence is 
evident. The representative words are ordered in ascending order of distances to the 
center of their clusters. All descriptions were derived by summarizing information 
found using Google and Wikipedia and do not represent the authors’ opinions about 
the word cluster. All results in the tables that follow have been gathered with m=5. To 
get a feel of the decrease in semantic coherence with increasing m, we present some 
representative results for m>5 herewith.  

Table 1. Representative Results with m > 5 for clusters gathered with k = 50, words ordered in 
the order of increasing distance from the centroid of the cluster 

<Brunei, borneo, Malayan, malay, Singapore, Malaysia, Indonesia, sukarno, 
malaya, federation, rahman, abdul,…> 
<Syria, middle, Arabs, Syrian, Unity, Jordan, Saudi, Union, Iraq, Aflak, Egypt, 
Yemen, Baath, Arab, Nasser…> 
<elisabethville, leopodville, united, central, congo, Katanga, tshombe, troops, 
president, police,…> 
 

5.1 k = 10 

Table 2. Results for the application of k-means with k = 10 

Cluster # Representative Words 
(m=5) 

Descriptions from Independent Knowledge 
Sources 

0 Damascus, Arabs, 
Syrian, Egyptian, 
Jordan 

Syria, Egypt and Jordan are Arab nations. 
Damascus is the capital of Syria 

1 time, minister, years, 
labor, week 

Labor is a political party which had 
ministers in power during the cold war years 



2 European, charles, 
nuclear, market, 
french 

French are the peoples of the European 
nation of France 

3 lemass, Ireland, irish, 
Dublin 

Ireland, whose peoples are called Irish has 
its capital at Dublin. Sean Lemass was an 
Irish political leader 

4 Saigon, Vietnam, 
cong, Buddhist, nhu 

Saigon is district one of ho-chi-min city, the 
capital of Vietnam. Madame Nhu, the first 
lady, was a member of the Viet Cong, which 
had anti-Buddhist policies 

5 small, including, 
finally, high, united 

 

6 Brunei, malay, 
Malayan, borneo, 
Singapore 

Malay is the language spoken by the 
Malayan people and is the official language 
of Malaysia, Brunei and Singapore. The 
Malaysian city of Sabah was called British 
Borneo when it was a British colony 

7 constantly, ability, 
mistakes, endless, aide

 

8 peking, red, mao, 
soviet, communist 

Peking was the former name of the Beijing, 
the capital of china where the book called the 
little red book of quotations by Mao Zedong 
was published in 1962. he was trying to drive 
a wedge between Moscow of soviet Russia 
and Peking of China. Both China and Soviet 
Russia were communist nations.  

9 famine, densely, 
Malthusian, 
ecological, bachelors 

 

5.2 k = 50 

Table 4. Representative Results for the application of k-means with k = 50 

Cluster # Representative Words 
(m=5) 

Descriptions from Independent Knowledge 
Sources 

0 white, African, Africa, 
black, god 

Africa is known for the racist turmoil 
between the whites and the blacks.  

30 tents, Libyan, fires, 
mosques, bricks 

Libya is known for its mosques.  

35 Pakistan, India, 
Kashmir, Nehru 

Nehru was the prime minister of India, 
which has a dispute with neighboring 
Pakistan over the occupancy of Kashmir 

44 sinistra, palmiro, 
Giovanni, toligatti, 

Partito Comunista Italiano, the Italian 
Communist Party was headed by Palmiro 



leone Toligatti. Giovanni was an Italian 
astronomer. Leone Battista was an Italian 
painter.  

6   Conclusions 

Firstly, as the results show, the clustering of words does indeed reveal the semantic 
relationship among the words in the corpus. There is a definite bias due to the corpus 
used, which in this case is the bias of the cold war period i.e., the semantic 
relationship between the words in the cold war period is being revealed through our 
experiments. The results confirm our hypothesis that clustering of nDF vectors would 
reveal the semantic relationships.  
 
Secondly, as can be seen from the results, the proper nouns (such as India, Singapore, 
Malay) and their variations ( such as Indian, Malayan etc.) get separated from the 
common nouns i.e., the set of representative words for a cluster is seldom a mixture of 
proper nouns (and their variations) and proper English words. There are exceptions 
such as the cluster #9 for k=10. In general, unless there is a strong semantic 
relationship, the proper nouns get reasonably well separated from the other English 
words.  
 
Thirdly, the semantic relationship between proper nouns (and variants) is made 
explicit by clustering. The problem of identifying the semantic relationships between 
proper nouns has been well studied in the computational linguistics literature. Here, 
we have achieved a reasonable accuracy of identifying the semantic relationship 
between nouns without using either parsing or part-of-speech tagging, which are 
considerably expensive and often used in the literature. The clusters which have only 
proper nouns in them, such as <Pakistan, India, Kashmir, Nehru> testify our claim.  
 
Fourthly, the increase in distances of the representative words from the center of the 
cluster does present a decreasing amount of semantic coherence with the words closer 
to the center. For example, the inclusion of Singapore (word #5) into the top 4 words 
in cluster #6 with k = 10, does decrease the coherence of the set. Another example 
would be inclusion of Nehru (word #4), the name of a person into the top 3 words 
(Pakistan, India and Kashmir) which are names of places and nations. It is interesting 
to observe that the ordering of words does convey some clues to the semantic 
relationships.   

7   Using Clusters of Semantically Related Words 

Clusters of semantically related words could be used for query expansion and query 
relevance measurement in an information retrieval (IR) system. Words in the same 
cluster as the query words for a query posed by a user in an IR system can be used as 
suggestions to expand the query for better retrieval. In a multi-word query, whether or 



not the query terms appear in the same cluster could be used to measure the relevance 
of the query to the corpus in an IR system. For example, “Moscow+nuclear” would be 
a less relevant query (to the Time corpus that we have used in our experiments) 
compared to “France+nuclear” as the query terms in the former appear in different 
clusters and the query terms in the latter appear in the same cluster.  
 
The technique could be used in a variety of corpus-based unsupervised learning tasks. 
The hypothesis that words close to the center are representative of the cluster can be 
used to identify the topic that a topical corpus (a corpus that deals with a specific 
topic) deals with, by considering the entire collection of words in the corpus as a 
single cluster. Topical corpora include the collection of postings in a forum, of chat 
sessions in a focused chat room, and that of entries in a topical weblog. Identification 
of the context (or sense) of a term’s usage in the corpus can be done by means of the 
semantically related word clusters. For example, “red” is used in the context of the 
Moscow and Soviet Union rather than in the context of colors as “Moscow” and 
“Soviet” are in the same cluster as “red” in our experiments. Similarly, “cong” is used 
in the context of the Vietnam Congress and not the US congress.   
 
Identification of semantically related word clusters would aid in automatic annotation 
of documents from the space of the entire vocabulary (as opposed to classification 
tasks which have a fixed small set of labels). Each document could be assigned to one 
or more clusters (based on statistical similarity measures) and the most representative 
words from those clusters could be used to label the document. Note that in such an 
approach, the label of a document need not necessarily come from the set of words 
present in the document. Such sets of words may well be used as compact 
representations of documents for data mining tasks.  

 
The technique presented is general enough that we could replace the set of words by a 
set of features and identify the semantic relationships between features. For instance, 
a spam filter may use features such as occurrence of phrases (e.g., “over 21”, 
“mortgage rates”) and other non-trivial features such as background color (a red 
background color is indicative of a porn mail). We would expect our technique to 
cluster features specific to a category of mail together, e.g., for instance features 
specific to porn mail might just fall into the same cluster.  
 
As our results show, most of the representative words for a cluster are determiners for 
particular classes. For instance, the most representative words of cluster 0 in table 2 
would intuitively be good determiners for documents relating to the arab world i.e., 
documents relating to the arab world would cluster well together if we project them 
on the space of the 5 most representative words of cluster 0. Given that each set of 
most representative words would most likely be good determiners for one category or 
the other, the projection of the documents on the union of all such sets would separate 
out the documents based on the class they belong to. Thus, taking the union of all 
most-representative-word sets could be used as an unsupervised feature selection 
technique for document clustering.  



8   Contributions and Future Work 

8.1   Contributions 

Firstly, we have demonstrated nDF vector clustering as a feasible tool for the 
extraction of semantically related sets. Secondly, by means of our hypothesis that 
words closest to the cluster center are representative of the cluster, we have proposed 
a means of evaluating cluster quality even for a large number of clusters. Thirdly, this 
is the first study which tries to extract semantic information using the bag-of-words 
model for documents without using any linguistic techniques. Fourthly, to the best of 
our knowledge, this is the first study which verifies the applicability of the low-cost k-
means algorithm for term clustering. All earlier studies have used the more expensive 
hierarchical agglomerative clustering algorithm.   

8.2   Future Work 

It is intuitive that the value of k is hardly predictable in cases such as clustering on 
text data. We experimented with varying values of k in our experiments. Future work 
could use techniques such as Bayesian Information Criterion [16] to estimate the 
number of clusters or use algorithms such as bisecting k-means [17] which don’t 
require k as an input parameter. Further, as mining semantic relationships between 
nouns is the most interesting component of extracting semantic information, 
computational linguistics techniques could be used to find nouns in the dictionary and 
cluster them alone. This would render the technique comparable to the techniques 
which aim at finding the semantic relationship between nouns (from the 
computational linguistics community). Further, nDFITF clustering could also be tried 
out to get further insights about the distribution of words in text corpuses.  

References 

1. Harry Wu, Gerard Salton, “A comparison of search term weighting: term relevance vs. 
inverse document frequency”, Proceedings of the 4th Annual ACM SIGIR, Californian, 
1981, pp.30-39 

2. Dekang Lin, “Automatic retrieval and clustering of similar words”, Proc of COLING-ACL, 
1998, pp.768-774 

3. Hindle, “Noun Classification from predicate argument structures”, Proc of the 28th Annual 
Meeting of the ACL, 1990, pp. 268-275 

4. Caraballo, Charniak, “Automatic construction of a hypernym-labeled noun hierarchy from 
text”, Proc of the 37th Annual Meeting of the ACL, 1999, pp.120-126 

5. A. Maedche, V. Pekar, S. Staab, “Ontology learning part one - On discovering taxonomic 
relations from the web.” In Web Intelligence, pages 301-322. Springer Verlag, 2002. 

6. F. C. Pereira, N. Thishby, L. Lee, “Distributional Clustering of English Words”, In Proc of 
the 30th Annual Meeting of the ACL, 1993, pp.183-190 

7. M Sanderson, W V Croft, “Deriving Concept hierarchies from text”, Proceedings of the 22nd  
SIGIR Conference, 1999, pp.206-213 



8. Steinbach. M, Karypis. G, Kumar. V, “A comparison of document clustering techniques”, In 
Proceedings of the KDD Workshop on Text Mining, Boston, 2000 

9. K. Wagstaff, C. Cardie, S. Rogers, S Schroedl, “Constrained K-Means Clustering with 
background knowledge”, Proceedings of the 18th International Conference on Machine 
Learning (ICML-2001), pp. 577-584 

10. Sugato Basu, Arindham Banerjee, Raymond Mooney, “Semi-supervised Clustering by 
seeding”, Proc of the 19th Intl Conference on Machine Learning (ICML), 2002,  pp. 19-26 

11. Sabine Bergler. “Collocation patterns for verbs of reported speech--a corpus analysis oil tile 
time Magazine corpus”. Technical: report, Brandeis University Computer Science,. 1990. 

12. “Weka: Open Source Software for Data Mining”, www.cs.waikato.ac.nz/ml/weka/  
13. “WordNet: Online Lexical Reference System”, http://wordnet.princeton.edu  
14. Google, http://www.google.com  
15. Wikipedia, The Free Encyclopedia, http://en.wikipedia.org  
16. Dan Pelleg, Andrew Moore, “X-means: Extending K-means with Efficient Estimation of 

the Number of Clusters”, Proceedings of the 7th International Conference on Machine 
Learning (ICML), 2000, pp. 727-734 

17.Sergio N Saveresi, D L Boley, “A comparative analysis on the bisecting K-means and the 
PDDP clustering algorithms”, Intelligent Data Analysis Journal, 2004 

18. E. Riloff, J. Shepherd, “A corpus based approach for building semantic lexicons”, In 
Proceedings of the Second Conference on Empirical Methods in Natural Language 
Processing (EMNLP), 1997, pp.117-124 

19. Brian Roark, Eugene Charniak: “Noun-Phrase Co-Occurence Statistics for Semi-Automatic 
Semantic Lexicon Construction.” In Proc. Of the 36th Annual Meeting of the ACL, 1998, 
pp.1110-1116 

20. Dorow. B, Widows. D, “Discovering Corpus-Specific Word Senses”, Proc. of the 10th 
Conference of the European Chapter of the ACL, 2003, pp.79-82 

21. Dominic Widdows, Unsuperivsed methods for developing taxonomies by combining 
syntactic and statistical information, HLT-NAACL 2003 
 


