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Abstract. In this paper we investigate the influence of semantics in the text 
categorization. Moreover, we study how the vocabulary size reduction affects 
this task. The K Nearest Neighbours method was used to perform the categori-
zation. In order to reduce the vocabulary size, the Information Gain technique 
was employed. A number of different document codification alternatives were 
tested. The experimental results for the best codifications were obtained taking 
into account the relevant terms and their synonyms for each text of the 20 
Newsgroups and WebKB corpora. For the 20 Newsgroups corpus, the introduc-
tion of semantics allowed for an improvement of the performance. 
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1   Introduction 

The K Nearest Neighbours (K-NN) method is one of the most used techniques for the 
document classification [14] and pattern recognition [4] tasks due to its good per-
formances. Given a set of labelled prototypes (i.e., text categories) and a test docu-
ment to be classified, the K-NN method finds its k nearest neighbours among the 
training documents. The categories of the K neighbours are used to select the nearest 
category for the test document: each category gets the sum of votes of all the 
neighbours belonging to it and that one with the highest score is chosen. Other strate-
gies calculate these scores taking into account the distances between the K 
neighbours and the test document or, alternatively, using a similarity measure like the 
scalar product. In this last strategy, which is the one that we used in our work, each 
document is represented through a vector of terms and each category gets a score 
equal to the sum of the similarities between the K neighbours and the test document. 
In the general classification task, a document could belong to more than one category, 
and different strategies should be used to take into account this case. A possibility is 
designing a K-NN classifier for each category in order to decide whether the test 
document belongs to a category or not. In our experiments we worked with the classi-
cal paradigm making the assumption that each text is assigned to only one category. 
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The goodness of the semantic K-NN was measured determining the error percentage 
which was obtained categorizing texts for each data set.  

An important problem for the text categorization, and also in all the informa-
tion retrieval tasks in general, is to relate different words but with the “same” infor-
mation in order to perform a conceptual or semantic search (i.e., based on the mean-
ing of the words). Therefore, it is necessary to take into account synonyms and words 
that refer to the same concept. This work investigates the use of the semantics during 
the categorization task in which the texts are indexed with word senses [5]. 

2   Text Codification: Vector of Terms and Vector of Synsets 

In the present study, we used the vector space model introduced by Salton [11] for the 
codification of texts. Each text was represented by a n-term vector, where n was the 
number of terms which belong to the training set. The Term Frequency * Inverse 
Document Frequency weighting scheme, commonly abbreviated as TF*IDF, was 
used for weighting the vector components. The term frequency TFd,i of the i-th term 
of the document d is the frequency of the occurrence of the given term within the 
given text. Therefore, TF is a text-specific statistics and it varies from one document 
to another, attempting to measure the importance of the term within a given docu-
ment. On the other hand, the inverse document frequency is a global statistics and it 
characterizes a given term within an entire collection of N training documents. It is a 
measure of the Document Frequency (DF) of a given term i over the given collection 
(i.e., it calculates how widely the term i is distributed), and hence of how likely the 
term is to occur within any given document. The purpose is to sub-estimate those 
terms that occur in many of the documents of the collection and, therefore, which are 
not relevant (when a term DFi occurs in the N documents of the collection, the loga-
rithm is equal to 0). 

In order to allow for variation in document size, the weight is usually nor-
malised. The purpose and effect of weight normalisation, is that the weight of a term 
in a given document (i.e., its importance) should depend on its frequency of occur-
rence with respect to the other terms of the same document, not on its absolute fre-
quency of occurrence. Weighting a term by its absolute frequency would obviously 
tend to favour longer documents over shorter ones. In our case, once all the TF*IDF 
term weights for a given document were calculated, the cosine normalisation was 
employed and every component was divided by the Euclidean length of the vector 
(i.e., the square root of the sum of the squares of all its components).  

Table 1 describes the different alternatives for calculating and normalising 
term weights. The SMART system conventional code scheme was used [12]. Each 
codification is composed by three letters: the first two letters refer, respectively, to the 
TF and IDF components, whereas the third one indicates whether the normalisation is 
employed or not. The cosine normalisation is equivalent to converting the similarity 
function of the K-NN classifier into the calculation of the cosine between the two 
vectors, which is invariant with respect to the size of the two documents. 
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 The vector space model, which was employed for the codification of each 
text as vector of terms, was also used when senses were chosen as the indexing space 
instead of word forms, in order to relate different terms with the same information 
during the text categorization. Due to the phenomenon of polysemy, it is important to 
identify the exact meaning of each term. The disambiguation of the meaning of the 
term is obtained through its context (the portion of the text in which it is embedded), 
an ontology and a collection of sense- tagged samples, in case of using a supervised 
method. As external lexical resource we used the WordNet ontology [8] [13], which 
is based on the concept of synset (set of synonyms). Therefore, in the WordNet a 
polysemic term belongs to more than one synset. The WordNet ontology is parti-
tioned into three hierarchies, each one associated to a syntactical category (nouns, 
verbs, adjectives+adverbs). In order to perform the Word Sense Disambiguation 
(WSD), each term of a document needs first to be morphologically tagged (as noun, 
verb, adjective or adverb) according to its POS (Part-Of-Speech) category. This POS 
task was performed by the TnT POS-tagger [2]. The POS-tagged vector of a docu-
ment was used as input data for the supervised Hidden Markov Model sense-tagger 
[9]. The final output was a sense-tagged vector, that is, a vector tagged with the dis-
ambiguated sense for each term of the text of the corpus. In the final vector of each 
text, those terms that were not sense-tagged were removed. 

Table 1. SMART nomenclature for text codification 

TFd,i IDFd,i NORM 
if TFd,i = 0 then 0 else n (none): 1 n (none): 1 
n (none): TFd,i  
b (binary): 1 

t (tfidf): ln(N / DFi ) c (cosine):  
1/Σi (TF’d,i IDF’d,i)2

m (max-norm): TFd,i /maxi TFd,i   
a (aug-norm):0.5*(1 +TFd,i /maxiTFd,i)   
l (log): 1+ln (TFd,i)   

3   Terms Selection: The Information Gain Method 

The number of terms of any given collection of texts of medium size may be ap-
proximately ten of thousands. It is very important to optimise the list of terms that 
identify the collection. This optimisation is focused to reduce the number of terms 
eliminating those with poor information. A list of stopwords is used to reduce the 
number of terms and it includes terms that do not provide any relevant information 
(typically, words as prepositions, articles, etc. [1]). 

For computational efficiency reasons, in space and time, the study of meth-
ods for reducing the numbers of terms in the vocabulary results of great interest. 
Moreover, some of these techniques help to improve the results of categorization in 
determined data sets, once noisy vocabulary is eliminated. There are several methods 
for selecting the terms to remove [15]: Documents Frequency Thresholding, Informa-
tion Gain, Mutual Information, Term Strength, etc. In our work, we employed the 
Information Gain (IG) method. IG measures the amount of information which con-
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tributes a term for the prediction of a category, as a function of its presence or ab-
sence in a given text. The IG value of a term i is calculated as:  

 
IGi = Σj=1..m Pr(cj) log Pr(cj) + 

             Pr(i) Σ j=1..m  Pr(cj|i) log Pr(cj|i) + 
                                Pr(¬i) Σ j=1..m  Pr(cj|¬i) log Pr(cj|¬i). 

(1) 

 
where m is the number of existing categories, Pr(cj) the probability that a text  be-

longs to the category j, Pr(i) the probability of occurrence of the term i in the text, 
Pr(cj|i) the probability that a text belongs to the category j given that the term i occurs 
in the text, and Pr(cj| ¬ i) is the probability that a text belongs to category j given that 
term i does not occur (¬i indicates no occurrence of the term i). Once calculated the 
IGi value for all the terms, those terms with the highest value were selected because 
they were the most relevant for the category selection. 

4   Data Sets 

The 20 Newsgroups data set contains about 20000 news messages of 20 UseNet dis-
cussion groups that were sent in 1993. We worked with the data set [10], where the 
headers were removed whereas the "From:" and "Subject:" fields were maintained. 
This version contains 19997 documents divided uniformly among the 20 categories. 
The task consisted of predicting which group each test document was sent to. The 
training set was composed of 16000 texts (the first 800 texts of each category) 
whereas the other 3997 texts were used as test set.  

The WebKB data set [3], is a set of web pages gathered from the depart-
ments of computer science of different universities: Cornell, Texas, Washington, 
Wisconsin and miscellaneous. The pages are divided into seven categories: student, 
faculty, staff, course, project, department and other. In our experiments, accordingly 
with the work done previously [6], we worked with the following four categories: 
student, faculty, course and project. These four categories together contain 4199 
pages. The error rate was calculated using a “one university out for testing, three in 
for training” approach. On average, the training set contains 3939 pages and the test-
ing set 1040. The pre-processing consisted in removing the headers and HTML la-
bels. The aim was reproducing similar experimental conditions to those of [6].  

 After the removal of the headers and the HTML labels, each term of a given 
document was POS and sense-tagged. Those terms that were not sense-tagged were 
removed from both the vector of terms and the vector of senses. 
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5   Experimental Results: The Influence of Semantics 

Different experiments were carried out over the modified 20 Newsgroups and 
WebKB corpora that were pre-processed as explained above. For each document, its 
vectors of terms and senses were obtained using the TnT POS and sense taggers. The 
text categorization task was performed employing the K Nearest Neighbours method 
using the Rainbow system [7], where K was set equal to 30 [6].  For the 20 News-
groups corpus the best results were those obtained with the same three best codifica-
tions of [6]: atc, btc and ltc. This confirms the importance of the Inverse Document 
Frequency information, which sub-estimates those terms that occur in many texts and 
are not relevant, and of the cosine normalisation which weights a term in a given text 
with respect to the other terms of the same text and not on its absolute frequency of 
occurrence (see Table 1). The 30-KNN carried out the text categorization also taking 
into account the semantics of each document. For this experiment, the vector of 
senses of each document, and not its vector of terms, was used.  

Figure 1 shows the comparison of the error percentage (100 – precision, as 
stated in [6]) obtained with (WordNet synsets) and without (terms) the introduction of 
the semantics, with respect to the size of the vocabulary. The Figure illustrates that 
the introduction of semantics allowed for an improvement of the performance of 
approximately 2% for the three best codifications. Moreover, it can be observed that 
the error percentage decreases when the size of the vocabulary increases.  

In Figure 2 we present the three best error percentages for the WebKB cor-
pus, obtained when employing the anc, bnc, and btc codifications. Unlike to what 
happened with the 20 Newsgroups corpus, using the sense-tagged vectors during the 
text categorization task did not always allow for obtaining better results. In the (a) 
and (b) cases, the graphics obtained when the semantics of the terms was introduced, 
have the same behaviour of those in [6], but the error percentage obtained when only 
the vectors of terms were employed, is on average approximately 1 percent lower. 
Figure 2 (c) shows the third best error rate for which the introduction of semantics 
allowed for an improvement of the performance. On the contrary of what happened 
for the 20 Newsgroups, it can be observed that for the three cases, the error percent-
age slightly increases with the size of the vocabulary.  

 

6   Conclusions and Further Work 

In this paper, we investigated whether the introduction of semantic information helps 
to improve the text categorization task using the KNN method. It was also analysed 
how different alternatives of documents codification, as well as the vocabulary size 
reduction, could affect the task. 
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Fig. 1. 20 Newsgroups corpus: error percentage as function of the size of the vocabulary with 
semantics (WordNet synsets) and without (terms) for the atc (a), btc (b) and ltc (c) codifica-
tions 

 
 

1st Indian International Conference on Artificial Intelligence (IICAI-03)

439



 

12

15

18

21

24

27

0 2000 4000 6000 8000 10000 12000 14000
Size of Vocabulary

E
rr

or
 P

er
ce

nt
ag

e

synsets
terms

 
(a) 

12

15

18

21

24

27

0 2000 4000 6000 8000 10000 12000 14000

Size of Vocabulary

E
rr

or
 P

er
ce

nt
ag

e

synsets
terms

 
(b) 

12

15

18

21

24

27

0 2000 4000 6000 8000 10000 12000 14000

Size of Vocabulary

E
rr

or
 P

er
ce

nt
ag

e

synsets

terms

 
(c) 

Fig. 2. WebKB corpus: terms vs. WordNet synsets for the anc (a), bnc (b) and 
btc (c) codifications  
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If senses are chosen as the indexing space instead of terms, the error percent-
age in the classification task may vary up to 70 percent from one codification to an-
other one, just like when only terms were used [6].  Moreover, the use of normalisa-
tion is always convenient and the form to influence of TF and IDF in the codification 
is data dependent. In the case of 20 Newsgroups corpus, the influence of the IDF 
component in the codification allows for obtaining lower error percentages, while this 
does not always occur for the WebKB corpus. It has to be said that an optimal codifi-
cation does not exist and different codifications were obtained for the 20 Newsgroups 
and the WebKB corpora.  

Therefore, the best codification depends on the characteristics of the texts that 
are used during the categorization. For the 20 Newsgroups, although the different 
semantic pre-processing was employed with respect to [6], we still obtained the same 
codifications for the best results. On the contrary, this did not happen for the WebKB 
corpus. 

With regard to the study of how the vocabulary size reduction affects the 
texts categorization task, the three best codifications obtained for the 20 Newsgroups 
corpus, have the common behaviour that the error percentage decreases while the size 
of the vocabulary increases. On the contrary, for the WebKB corpus the error per-
centage slightly increases with the size of the vocabulary. The results obtained when 
the vectors of senses were employed to represent the texts, confirm the conclusions 
presented in [6] which contradict the generalisation of [15], that reducing the size of 
the vocabulary does not imply decreasing the performance of the classification task. 

Finally, with regard to the study of how the 30-KNN method performed 
when the semantic is taken into account, even if it cannot be generalised because 
depending on the corpus, it can be remarked that often if texts are indexed with word 
senses, the performance improves. Therefore, the use of words that refer to the same 
concept is a research direction we plan to investigate further.  

As further work, it would be also interesting to carry out some experiments 
using other data sets (e.g. the TREC collection [16])  and also employing different 
techniques for reducing the vocabulary size. In these experiments, the two vector 
representations should be combined during the text categorization, in order to take 
into account with different weights, terms and senses at the same time. This should 
allow for better understanding if some of the results, which were obtained when per-
forming the semantic text categorization, can be generalised or they depend on the 
characteristics of the texts.  In [14] it is stated that because texts often belong to more 
than one category, assigning just one category to each text is a reason for low per-
formance of the K-NN method. Further experiments taking into account this aspect 
should be carried out to see whether it is possible to improve precision or not. A pos-
sibility could be designing a K-NN classifier for each category in order to decide 
whether the test document belongs to a category or not. 
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