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Abstract: One of the problems faced by document categorization is that terms 
present in the collection of example documents are numerous. From the point of 
view of coherence between the models used in document categorization, we 
analyses the frameworks of both k-NN and NB categorization models and feature 
selection problem. Two algorithms CBA and IBA to feature selection are 
proposed. The empirical results done with k-NN and NB classifiers show that the 
coherence between models in the categorization system can bring benefits for 
performance. 

1. Introduction 

 Document Categorization (DC) is the procedure of assigning one or multiple predefined 
category  labels to  a free text  document. From the machine learning point of view, 
document categorization can be characterized as a process of supervised learning from a 
corpus of example documents.  Generally speaking, one document categorization system 
is composed of three parts: one for feature selection, the second for term weighting and 
the third for categorizing document accordingly. By feature selection, an optimal subset 
of feature terms is selected to be used for representing documents. Term weighting aims 
to measure the importance of term in documents, and categorization models allow to 
discover the categories (subjects, topics) contained in a document and to classify the 
document into the predefined categories. The document categorization system is 
essentially one of the combinations of different models. In some cases the models used 
in the categorization system are coherent while in other cases they are not coherent.  

Under the document vector space model [Salton89], each feature term corresponds to 
one dimension of the vector space. It is infeasible to use all raw feature terms in the 
document categorization system for many machine learning algorithms, because the total 
number of raw feature terms is often very large. The optimal subset of feature terms 
obtained by feature selection is often used to learn categorization algorithm from 
example documents. But the feature selection is not trivial. In practice, lots of models of 
feature selection have been proposed and analysed [Yang+97]. Five models of feature 
selection have been evaluated experimentally with two classifiers k-Nearest Neighbours 
and Least-Square Mapping [Yang+97]. In this article, we analyse different combinations 
of categorization models and feature selection models. Two algorithms CBA and IBA to 
feature selection are proposed. The empirical results done with k-NN and NB classifiers 
show that the coherence between models in the categorization system can bring benefits 
for performance.  
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The rest of this paper is organized as follows: Section 2.1 and 2.2 introduce k-NN 
categorization model and NB categorization model. In Section 3, the work about feature 
selection is introduced. Sections 4.1 and 4.2 present our two algorithms for feature 
selection while Section 5 carries out the analysis of model coherence by doing 
experiments with k-NN and NB classifier against Reuters-21578 corpus. Finally, Section 
6 concludes this paper. 

2. Two Related Categorization Algorithms  

2.1 k-Nearest Neighbor  Model 

k-NN is a classical instance-based machine learning model and applied to the document 
categorization context for long time. According to k-NN, to categorize a document, the 
system first ranks its nearest neighbours among all training documents by calculating 
document similarity. The categories of the k  top-ranking neighbours are called candidate 
categories of the new document. Then the category score is calculated for each candidate 
category by using one score calculation algorithms [KOU+02]. Finally, one or more 
categories are assigned to the new document by a suitable thresholding strategy 
[Yang01]. 

 k-NN is one of top-performing algorithms and comparable to the most effective support 
vector machine algorithm reported in [Joachims98]. It uses the document vector 
representation model under which documents are mapped into points of high dimension 
concept space. The elements of document vectors measure the importance of feature 
terms to represent document contents. To calculate such elements, the if-idf term 
weighting model and its variants are often used [Salton+98].  In our implementation, the 
following weighting model is implemented: 

            ( ) ( ) 





























++= ∑

=

N

l i

il

i

il
ij

df
f

df
f

N
fw

1

ij log
log

1
1*0.1log     ( 2.1) 

where wij is the weight of the ith term in jth document, N is the number of training 
documents, dfi is  the number of training documents containing the ith term, and fij is the 
number of times the ith term occurs in the jth document. We can say the weighting model 
is a map from documents into points of high dimension space. Based on (2.1) we can 
define a function over the document vector space RT  of example documents 
corresponding to the ith term (i=1,2…T) as (2.2).  

                   ( ) ( ) ( ) Tj

N

l i

il

i

il
ijji Rdfordf

f
df
f

Nfdf ∈∀


















++= ∑

=1

loglog
11*0.1log       (2.2) 

Then cosine function based similarity is introduced to find the neighbor of a given 
document as (2.3) 
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where di and dj are two document vectors. Often the document vectors are normalized to 
be of unit length. In fact, given a new document d0 =(w01,w02,…,w0T), the similarity 
defined by (2.3) can be considered as a linear composition function of all function 
defined by (2.2) in the T dimension vector space, where there exit N example points.  So 
(2.3) can be rewritten as (2.4) : 
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2.2 Naïve Bayes Model 

The naïve Bayes probabilistic classifier is commonly used in context of document 
categorization[Lewi+92] [McCallum+98a] [McCallum+98b][Liu+96] [Joachims97]. 
There exist two different naïve Bayes models: one is a multi-variate event model and 
another multinomial event model, which provide the generative model of documents 
[McCallum+98b]. They make the naïve Bayes independent assumption that words or 
terms occur independently each other in the collection documents. Based on this 
assumption, they use a corpus of pre-labelled sample documents to estimates the system 
parameters. According to multi-variate model, a document is represented by a vector of 
binary attributes indicating which words occur and do not in the document while 
ignoring the number of times a word occurs in a document. It considers a document as 
an event and the absence or presence of words as attributes of the event. By the 
multinomial model, a document is represented by the set of word occurrences from the 
document and the number of word occurrences is taken into account. Under this model, 
the individual word occurrences are thought of as the “events” and the document as the 
collection of events. [McCallum+98b] made a comparison of these two naïve Bayes 
models and concluded that the multinomial model usually outperforms the muti-variate 
model at large vocabulary sizes.  

The multinomial model based naïve Bayes classifier we present here is used in 
[Joachims97]  and also implemented in our tests.Given a document d, multinomial naïve 
Bayes classifier tries to estimate the condition probability ( )dcP i  that the class jc  

should be assigned to the document d . It can be computed by (2.5). 

( ) ( ) ( )
( )dP

cPcdP
dcP

ii
i = (2.5) 

We take ( )dcP i   as category  score.  The assignment of  categories  can be  decided  by  
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thresholding on this score.  Because the P(d) does not influence the order of category 
score, the denominator of ( )dcP i  can be ignored. The equation above can be rewritten as 

(2.6) , 

( ) ( ) ( )iii cPcdPdcP = (2.6) 

where ( )icP  is the prior probability that a document is in class ic , and ( )icdP  is the 

probability of observing document d in class ic . The independence assumption between 

terms induces (2.7).  
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So the estimation of ( )icdP  is reduced to estimate each ( )ij ctP  independently. ( )icP  

and ( )ij ctP  can be estimated by (2.8). 

        

∑ ∑

∑

= ∈

∈

+

+

== T

r cd
rl

cd
jl

ij
i

i

il

il

fT

f

ctP
N
c

cP

1

1

)(,)( (2.8) 

where |ci| is the number of training documents in the class ci. The estimation of the 
occurrence probability P(t|c) of term t in the category c is the base for the naïve Bayes 
categorization algorithms. 

3. Feature Selection 

In the field of machine learning, many have argued that maximum performance is not 
achieved by using all available features, but often by using only a “good” subset of those 
[Caruana+94]. In the document categorization context, the number of terms occurring in 
the sample documents is often too large. In one hand, we cannot directly apply all them 
directly to representing the documents and to learning categorization algorithms. In the 
other hand, irrelevant and redundant terms only add the noise to classification and they 
must be removed. One  optimal  subset of terms must be selected to  represent document 
content and discriminate between classes. So the goal of feature selection is to select the 
terms that effectively characterize document contents and at the same time discriminate 
categories. But to select such subset of terms is not trivial. Having too few features can 
make it impossible to formulate a good hypothesis. But having features, which do not 
help discriminate between classes, adds noise.  

Based on whether or not feature selection is done independently of categorization model,  
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feature  selection  algorithm  can  be  divided  into  two  types: wrapper  and  filter. The 
wrapper algorithm considers the performance of a particular learning algorithm while an 
optimal subset of feature term is selected. It measures the goodness of feature term set by 
the performance of the algorithm. The result is dependant of the algorithm. The problem 
of wrapper algorithms is that it is prohibitively expensive and sometimes intractable.  

In contrast to the wrapper approach, the filter algorithm measures the weight of every 
term and uses rank criterion principle to select feature term while any machine learning 
algorithm is not considered. It is dependent of the collection of documents and is 
independent of any algorithm. In reality, the filter methods are mostly used for document 
categorization (Peirre00, Lewi+92, Joachims97), among which the χ2  feature approach 
is reportedly one of the best[Yang+97]. χ2 promotes features that have high frequency in 
the relevant documents but are rare in the non-relevant documents. Hence, it can 
reasonably measure the power terms to discriminate documents and categories. 

3.1  Global and Local Feature 

Given a corpus of example documents, one can use feature selection approaches to 
create dictionary for indexing documents. In practice, there are two kinds of dictionary: 
global and local. By the global dictionary, we mean there is only one dictionary and all 
documents in the corpus can be represented by terms in this dict ionary. By the local 
dictionary, there is one dictionary for every category and one binary categorization 
model must be created for each category. 

 In practice both these two kinds of dictionaries are used. [Yang01] compared five 
document categorization methods. They applied feature selection at a pre-processing 
stage and one global dictionary was created for indexing documents. [Peirre00] 
described a system for automatically classifying web sites into industry categories where 
a global dictionary was created. Local dictionaries are used in [Kwok98] [Lewi+92] 
[Lewis+94] and [Mase98]. In [Mase98] , for example, all potential features were ranked 
for each category by expected mutual information between assignment of that feature 
and assignment of that category. The top k features for each category were chosen as its 
feature set, and different values of k were investigated.   

3.2  Coherent or not 

As pointed out previously, a categorization system is generally composed of three parts, 
and there exist different mo dels for each part. Different combinations of these models 
make up of the categorization system. While constructing it, there exists somehow 
coherence between different models. By coherence, we mean that different models in the 
categorization system share same underlying models; otherwise they are not coherent. In 
fact, the combinations of coherent models are often used. To make thing clear we present  
some examples of coherent and incoherent models found in the literature.  
[McCallum+98b]  compared two event models for Naïve Bayes text classification and 
introduced a feature selection event model. Such feature selection event model was 
based  on  term  event  model  that   was integrated  in  the multinomial  event  model  of  
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classification. That is, both feature selection model and naïve Bayes multinomial event 
model used the same term event model and they are coherent. 

[Ponte+98]  proposed a language modelling approach to information retrieval and 
integrated document indexing and document retrieval into a single model. The idea was 
to infer a language model for each document and estimate the probability of generating 
the query according to each of these models. They then ranked the documents by the 
descending order these probabilities. In this case, data model and discriminant function 
for retrieval share the same one basic probabilistic models. The empirical results 
reported that their language model outperformed traditional t f-ifd  weighting-based 
model. The reason of these results maybe is that the same model was used for indexing 
document and information retrieval.  

[Scott+90]integrated both dimension reduction model and retrieval model into one 
matrix singular-value decomposition model. By matrix singular-value decomposition, 
latent semantic structures existing implicitly in documents were unearthed and used to 
both document indexing and information retrieval. It improved the performance of 
information retrieval. In this case, dimension reduction model and retrieval model are 
evidently coherent. 

The next two examples are of incoherent models. [Yang+97] reported the experimental 
results done by k-NN categorization model with information gain (IG) feature selection 
model. IG model is based on the presence and absence of terms in document -- term 
event model. It is coherent with multivariate naïve Bayes event model for categorization 
while k-NN model is based on tf-idf weighting-based vector model. In [Joachims97], 
mutual information formulas (called Information Gain (IG) in [Joachims97]) was used to 
select features and then both TFIDF classifier and NB classifier were experimented, 
where tf-idf model was used to weight terms in documents. The results showed that the 
performance of TFIDF classifier with IG was inferior to the one of NB classifier with 
IG. An explanation for this result maybe is that TFIDF classifier model is not coherent 
with IG feature selection model. TFIDF classifier model is based on tf-idf weighting 
vector model while IG is based on term event model.  

4 Our Approaches to Feature Selection 

Based on the observation made in Section 3, this section presents two filter approaches 
to feature selection for k-NN and NB classifiers respectively.. 

4.1 Concept -Based Algorithm (CBA) 

Under the vector representation model, a document d can be represented by (4.1). 

     ( ) T
jTjjj Rwwwd ∈⋅⋅⋅= ,,, 21   (4.1) 
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where wij is the tf-idf  weight of the ith term in jth document dj that is defined by (2.1),  
1=i=T and 1=j=N. After creating the document vectors for all training example 
documents, a concept vector can be created for every category by averaging the vectors 
of documents belonging to the category. For the category Ci, its concept vector, noted as 
Civ can be calculated by (4.2). 

∑
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where 
i
jd  is jth document of ith category Ci, and ivC  is number of example documents 

in the category Ci. The lth element cilw  of ivC  can be calculated by (4.3). 
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where 
i
ljw  is the weight of lth term in the jth document of the ith category Ci. We use cilw  

to measure term-goodness between  lth  term and  ith category Ci.   

The weight of lth  term t at the level of corpus, noted as CW(t) can be calculated by (4.4)  
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where ( )iCP  is distribution of the category Ci in corpus. Combining (2.2), (4.3) and 
(4.4),  we have (4.5) 
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Then all terms found in the corpus can be ranked by using CW(t) and some top terms 
can be selected to constitute corpus dictionary. We call this algorithm Concept-Based 
Algorithm, noted as CBA. The idea of CBA is clear: it attempts to induce term-goodness 
between term and category by using tf-idf term weight model. Noticing (4.2), (4.5) and 
(4.7), we know that feature selection model CBA and categorization model k-NN share a 
common base: tf-idf term weighting model. Due to this fact, we says that CBA feature 
selection model and k-NN categorization model are coherent. 

Now we furthermore show that the weight 
i
ljw  calculated by (4.3) does indicate the 

relevance of term to the concepts of category by analysing table 4.1(at last page). Table 
4.1  provides  40 most representative terms  in  the  concept  vectors  for  4  categories  in  
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Reuters-21578 corpus: earn, crude, money-fx and wheat. The following is the 
observation made only for three categories but it is also true for wheat categories.  

earn: most of documents of “earn” category are very short. They mainly talk about share 
loss and profit, quarterly and annual dividend of stock, stock market analysis, etc. The 
principal concepts of this category include for example “Shr loss”, “shr profit”, “net 
profit”, “fiscal loss”, “quarter profit”, “year dividend”, “stock dividend”, “qtly div”, 
“split shares”, “income taxes”, “tax gain”, “tax rate”, “stock split”, “fiscal year”. All 
these concepts can described by these 40 terms. 

money-fx : the documents of “money-fx” category are about money exchange markets. 
They mainly concern with the currency stratregy of different countries and banks, 
current interest rates, etc. Main concepts include for example “central bank”, “bank bill”, 
“money market”, “foreign currency bank”, “bank bills”, “Federal Reserve”, “Federal 
funds”, “exchange rates”.  

crude: the documents of “crude” category  are about the production and prices of crude 
oil, all other events and international organization that have important impact on crude 
oil. The concepts mostly occurring include “crude oil”, “crude oil market”, “oil product 
prices”, “OPEC”, “oil industry”, “Saudi Arabia”, “oil output”, “petroleum products”, 
“crude oil exports”, “Gulf Arab states”, “OPEC quota”, “petroleum reserve”, “oil 
exploration”, “Energy Minister”, “pipeline”, etc.. 

To summarize, the prevalent terms (with high weight value) in the centroid can 
characterize the main topics discussed by the documents in the same category, and the 
term weight does des cribe the degree to which the terms represent the topics. In addition, 
the centroid also convey some latent domain -specific relations between terms, for 
example  federal and reserve, central and bank, etc. Another observation is that a few 
prevalent terms can typically distinguish categories from each other when these 
categories have few common documents. For example, if a document contains “oil” 
“crude” and “barrel”, we can say that it belongs to the “crude” category, because the 
max proportion of  “crude” documents  belonging to other categories to the total number 
of documents in “crude” is just 2.9% (“earn” category). 

4.2 Independence-Based Algorithm (IBA) 

Based on a well-known naïve Bayes independence assumption, the Section 2.2 
introduces the naïve Bayes categorization model where (2.8) estimates the probability 

( )ictP  of occurrence of category given a term. In fact, ( )ictP  indicates the relationship 

between term t and category Ci, and it will get high value if the term t is very relevant to 
the category. Table 4.2 furthermore confirms this fact. By using the probability ( )ictP  

as the measure of goodness between term and category, we propose an independence-
based algorithm (IBA) to select feature:  

§ All stop-words are removed and words are stemmed to their roots. 
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§ Calculate the probability ( )ictP  over all categories for every term t. 

§ Finally calculate the weight of term t at the level of corpus by (4.6)  

( ) ( )ik

i CtPCPtCW ∑=
1

)(                                             (4.6) 

§ Rank all terms by CW(t). 

From Section 2.2, we know that ( )ictP  is base for NB categorization model. Obviously, 

the NB categorization model defined by (2.7) and the feature selection IBA defined by                  
(4.6) are based on the same model: ( )ictP . So, in the categorization system created by 

combining NB categorization model and IBA future selection model, the same measure 
is used to weight term power of document representation and category discrimination. In 
this case, we say that NB model and IBA model are coherent. 

Like the case in Section 4,  Table 4.2 (at the last page) shows 40 terms with high ( )ictP  

values for four categories “earn”, “crude”, “money-fx” and  “wheat” respectively. By 
similarly analysing Table 4.1, we can reach the same conclusion as the Section 4.1. That 
is, only some terms with high ( )ictP  can describe the topics contained in the 

documents.   

5 Experimental Analysis of Model Coherence  

We use Reuter-21578 collections as experiment benchmark. ApteMod split strategy is 
taken, but the news stories without news body or category labels are removed. We chose 
21 largest categories for our experiment. After removing 319 stop-words, Porter 
stemming algorithm [Porter80] is performed to convert words into their word stems, and 
14,743 unique terms are obtained. 

 We test different combinations by k-NN and NB classifiers with three feature selection 
models χ2 and CBA and IBA. The global dictionary is generated for each experiment. To 
avoid bias of one experiment on the results, we do many experiments by taking 
dictionary of different sizes (500,1000,2000 and 3000) and different k(10, 
20,30,40,50,60,70) for k-NN. RCut threshold strategy [Yang01] of value 1 is adopted.   

Table 5.1 and Table 5.2 show the micro - and macro-average performances of k-NN 
classifier with three feature selection approaches while the size of dictionary is 1000. 
Their columns of result are divided into three groups: recall, precision and F1. In each 
group, there are again three columns corresponding to the experimental results of three 
feature selection models respectively. The first column is for the values of the number k  
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of nearest neighbour documents and the last row corresponds to the performance average 
over all experiments. 

According to Table 5.1, the results of k-NN with χ2 are always slightly higher than ones 
of k-NN with CBA and IBA over 7 experiments but are not statistically significant. It 
implies that they are comparable to each other. Except the precision, the performance of 
CBA is little superior to one of IBA. 

As for Table 5.1, the situation changes a little. The average results of k-NN with CBA 
are highest. For example, it is 1% higher than χ2 over macro-average recall, 1% than χ2 

over macro-average precision and 2% than χ2 over macro-average F1. All performances 
of CBA are superior to ones of IBA. The explanations for this is that both the document 
similarity model of k-NN defined by (2.4) and the CBA feature selection model defined 
by (4.5) are linear combination of all functions ( )⋅if . In other words, they are coherent. 

But we do not think that k-NN model is coherent with IBA feature selection model, 
because the former is based on tf-idf term weighting model and the later based on term 
event model. That is why CBA performances little better than IBA with k-NN 
classifiers. 

Table 5.3 and Table 5.4 give the results of micro- and macro-averages of performance of 
NB model with three feature selection approaches over the dictionaries of different sizes. 
Their structures are same as Table 5.1.  According to the average, χ2 is slightly better 
than IBA that is in turn slightly better than CBA. The explanation for this result is that 
NB categorization model is coherent with IBA but not with CBA. Another interesting 
result about NB with three feature selection approaches is that increasing the size of 
dictionary from 500 to 3000 does not improve the performance. That is, increasing the 
size of dictionary does not always improve performance, see Table 5.3.  

K Recall Precision F1 
 χ2 CBA IBA χ2 CBA IBA χ2 CBA IBA 

10 0,92 0,916 0,915 0,834 0,833 0,836 0,875 0,872 0,873 
20 0,928 0,917 0,917 0,853 0,847 0,852 0,889 0,881 0,883 
30 0,928 0,923 0,917 0,855 0,854 0,854 0,89 0,887 0,885 
40 0,93 0,923 0,918 0,869 0,855 0,856 0,899 0,887 0,886 
50 0,93 0,922 0,918 0,87 0,854 0,856 0,899 0,887 0,885 
60 0,929 0,923 0,92 0,871 0,859 0,859 0,899 0,89 0,888 
70 0,931 0,924 0,92 0,873 0,872 0,877 0,901 0,897 0,898 

AVG 0,928 0,92 0,918 0,861 0,853 0,856 0,893 0,886 0,885 

Table 5.1 Micro-average performance of k-NN with χ2,CBA and IBA 

   K Recall Precision F1 
 χ2 CBA IBA χ2 CBA IBA χ2 CBA IBA 

10 0,643 0,661 0,657 0,864 0,874 0,865 0,715 0,734 0,727 
20 0,662 0,683 0,678 0,862 0,885 0,876 0,726 0,757 0,747 
30 0,649 0,674 0,663 0,863 0,891 0,876 0,716 0,751 0,731 
40 0,692 0,675 0,664 0,874 0,89 0,876 0,755 0,751 0,732 
50 0,693 0,67 0,663 0,885 0,893 0,878 0,759 0,746 0,73 

60 0,695 0,68 0,666 0,887 0,889 0,88 0,76 0,749 0,732 
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70 0,698 0,715 0,733 0,893 0,89 0,887 0,762 0,781 0,791 
AVG 0,676 0,68 0,675 0,875 0,887 0,877 0,742 0,753 0,741 

Table 5.2 Macro-average performance of k-NN with χ2,CBA and IBA 

Recall Precision F1 Size 
χ2 CBA IBA χ2 CBA IBA χ2 CBA IBA 

500 0,885 0,877 0,868 0,783 0,779 0,868 0,831 0,823 0,868 
1000 0,907 0,863 0,866 0,807 0,763 0,772 0,854 0,81 0,816 
2000 0,912 0,851 0,874 0,813 0,76 0,78 0,86 0,803 0,824 
3000 0,909 0,853 0,865 0,812 0,75 0,776 0,858 0,798 0,818 
AVG 0,903 0,861 0,868 0,804 0,763 0,799 0,851 0,809 0,832 

Table 5.3 Micro-average performance of NB model with χ2,CBA and IBA  

Recall Precision F1 Size 
χ2 CBA IBA χ2 CBA IBA χ2 CBA IBA 

500 0,568 0,524 0,514 0,694 0,503 0,678 0,606 0,571 0,514 
1000 0,605 0,53 0,566 0,751 0,68 0,7 0,654 0,575 0,591 
2000 0,596 0,538 0,553 0,774 0,677 0,728 0,657 0,581 0,614 
3000 0,58 0,508 0,527 0,78 0,698 0,715 0,65 0,568 0,59 
AVG 0,587 0,525 0,54 0,75 0,64 0,705 0,642 0,574 0,577 

Table 5.4 Macro-average performance of NB model with χ2,CBA and IBA 

Our experimental results show that CBA and IBA are comp arable to χ2 that is reportedly 
one of best filter approach to feature selection. The more interesting is that the 
performance of k-NN classifier with CBA feature selection model is better than with 
IBA while the performance of NB classifier with IBA is better than with CBA. It 
confirms that the coherence between categorization model and feature selection model 
can benefit the categorization system. 

6 Conclusion 

For the most of document categorization systems, select an optimal subset of features is 
very crucial. This paper addresses feature selection problem. It first analyses the main 
framework of two popular categorization models k-NN and NB. It points out that the 
term weighting model and document similarity model are a base for k-NN while given a 
term the estimate of conditional probability of category occurrence is essential to NB. 
Then it briefly discusses the work related to feature selection and indicates that there 
exists coherence at some degree between different models in a document categorization 
system. Finally, it proposes two filter algorithms to feature selection: CBA and IBA. k-
NN and CBA are based on tf-idf weighting model while multinomial NB model and IBA 
are based on the same one term event model. In the categorization system with k-NN as 
categorization model and CBA as feature selection model, the same basic term 
weighting model is used for feature selection and similarity calculation. It’s same for the 
categorization system with multinomial NB as categorization model and IBA as feature 
selection model. The experimental results done with Reuters-21578 corpus show that the  
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coherence between different model of a categorization system can improve the 
categorization performance.  

Reference 

[Caruana+94] R. Caruana, D. Freitag, Greedy Attribute Selections, in the proceedings of 11th 
ICML 1994; pp.25-32. 

[Joachims97] T. Joachims:  A Probabilistic Analysis of the Rocchio Algorithm with TFIDF for 
Text Categorization, Proceedings of 14th ICML, 1997; pp. 143-151. 

[Joachims98] T. Joachims: Text categorization with support vector machines: Learning with many 
relevant features. In Proceedings of 10th ECML, 1998; pp.137-142.  

[Koller+96] Daphne Koller and Mehran Sahami: Toward Optimal Feature Selection, Proceedings     
of the 13th  ICML, 1996, pp. 284-292. 

[Kou+02] H. Kou and G. Gardarin: Study of Category Score Algorithms for k-NN Classifier, in 
the proceeding of 25th SIGIR,2002; pp.393-394. 

[Kwok98] J. T.-Y. Kwok: Automated Text Categorization Using Support Vector Machine. In 
Proceedings of the Int. Conf. on Neural Information Processing, 1998; pp.347–351. 

[Lewi+92] David D. Lewis: An Evaluation of Phrasal and Clustered Representations on a Text 
Categorization Task, ACM 15th Ann Int’l SIGIR’92, 1992; pp37-50. 

[Lewis+94] D. D. Lewis and Ringuette: M. Comparison of two learning algorithms for text 
categorization. In Proceedings of the 3rd Proceedings of SDAIR,1994; pp.81-93. 

[Liu+96] Huan Liu and Rudy Setiono: Feature Selection and Classification – a Probabilistic 
Wrapper Approach, In Proceedings of IEA-AIE’96,1996.;pp. 419-424. 

[Liu+96] Huan Liu and Rudy Setiono: A Probabilistic Approach to Feature Selection - A Filter 
Solution, 13th ICML, 1996; pp.319-327. 

[Mase98] H. Mase: Experiments on Automatic Web Page Categorization for IR system, technical 
report, Stanford University, 1998 

[McCallum+98a] McCallum, A, Rosenfeld, R., Mitchell,T. and Ng, Y.: Improving text 
classification by shrinkage in a hierarchy of classes. In Proceedings of the 15th 
ICML,1998; pp.359-367. 

[McCallum+98b] Andrew McCallum, Kamal Nigam, A Comparison of Event Models for Naïve 
Bayes Text Classification, In the workshop on Learning for Text Categorization, 1998. 

[Peirre00] John M. Peirre, Practical Issue for Automated Categorization of Web Sites, ECDL 
2000. 

[Ponte+98] Jay M. Ponte and W. Bruce Croft: A Language Modelling Approach to Information 
Retrieval, Proceeding of 21th ACM SIGIR, 1998; pp.275-281. 

[Porter80] Porter: An algorithm for suffix stripping, Program, Vol. 14,  no. 3,1980;  pp.130-137. 
[Salton+98] G. Salton and C. Buckley: Term Weighting Approaches in Automatic Text Retrieval. 

Information Processing & Management, 24(5), 1988; pp.513--523. 
[Salton89] Salton, G.:  Automatic Text Processing: The Transformation, Analysis, and Retrieval of 

Information by Computer. Addison-Wesley, Reading, Pennsylvania, 1989. 
[Scott+90] Scott D. and Susan T. Dumais and Thomas K. Landauer and George W. Furnas and 

Richard A. Harshman: Indexing by Latent Semantic Analysis, JASIS, Vol. 41,No,6, 
1990; pp.391-407. 

[Yang+97] Y. Yang and Jan O. Pederson: A Comparative Study on Feature Selection in Text 
Categorization, In the 14th Int. Conf. On Machine Learning, 1997; pp.412-420. 

[Yang+99] Y.Yang: An Evaluation of Statistical Approaches to Text Categorization, Information 
Retrieval, 1(1-2), 1999; pp.69-90. 

[Yang01] Y. Yang, A study on thresholding strategies for text categorization. In the Proceedings 
of 24th ACM SIGIR’01, 2001;  pp.137-145. 

152



 
earn crude money-fx wheat 

ct 2.16 oil 8.953 dollar 4.945 wheat 10.434 

loss 2.145 barrel 4.757 bank 4.896 tonn 6.971 

mln 1.956 opec 4.367 rate 3.606 soviet 3.299 

shr 1.622 bpd 4.356 currenc 3.296 grain 2.84 

profit 1.566 crude 3.69 yen 2.949 export 2.619 

net 1.365 price 3.06 stg 2.792 agricultur 2.547 

dlr 1.175 energi 2.162 market 2.47 crop 2.288 

oper 1.096 ga 2.157 dealer 2.358 depart 1.942 

rev 1.083 saudi 2.138 exchang 2.231 corn 1.907 

share 0.901 product 2.007 central 2.119 winter 1.783 

billion 0.754 petroleum 1.939 monei 1.941 program 1.678 

quarter 0.734 ecuador 1.932 Japan 1.929 usda 1.593 

earn 0.715 explor 1.885 trade 1.788 barlei 1.588 

sale 0.678 refineri 1.832 pari 1.782 farmer 1.564 

dividend 0.667 mln 1.529 billion 1.694 farm 1.536 

avg 0.664 pct 1.461 foreign 1.599 price 1.484 

year 0.627 field 1.399 pct 1.519 subsidi 1.474 

compani 0.573 dai 1.396 mark 1.486 commod 1.463 

note 0.54 dlr 1.287 monetari 1.341 offer 1.454 

record 0.535 output 1.262 bill 1.298 lyng 1.361 

prior 0.526 drill 1.246 treasuri 1.294 eep 1.356 

april 0.513 gulf 1.206 intervent 1.265 mln 1.292 

gain 0.509 reserv 1.203 polici 1.237 union 1.251 

div 0.501 billion 1.196 japanes 1.204 offici 1.186 

tax 0.5 offici 1.194 econom 1.193 weather 1.15 

qtr 0.468 arabia 1.182 bundesbank 1.186 market 1.138 

includ 0.465 pipelin 1.14 reserv 1.172 china 1.109 

result 0.424 produc 1.139 todai 1.153 season 1.095 

mth 0.416 venezuela 1.124 offici 1.146 aid 1.087 

pai 0.414 refin 1.113 nation 1.106 plant 1.086 

pct 0.406 import 1.096 band 1.103 soybean 1.08 

split 0.406 analyst 1.09 england 1.067 trade 1.077 

exclud 0.4 state 1.089 level 1.043 feedgrain 1.063 

qtly 0.394 industri 1.084 germani 1.043 bushel 1.031 

stock 0.39 report 1.058 govern 1.041 moscow 1.029 

end 0.379 compani 1.051 sterl 1.032 rice 0.972 

incom 0.369 minist 1.047 baker 1.018 countri 0.92 

march 0.363 shell 1.024 fed 1.003 administr 0.918 

expect 0.353 countri 1.01 economist 1.0 acr 0.893 

bank 0.346 govern 1.009 west 0.996 sourc 0.89 

Table 4.1 Main Element Terms in Centroid  Are More Representative to Category 
Concept 
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Earn crude money-fx wheat 

ct 0,11892 oil 0,07404 bank0,05508 wheat 0,3274 

loss0,08236 price  0,02914 dollar 0,03788 tonn0,05486 

net 0,07613 barrel 0,02611 rate0,03327 export 0,02443 

shr  0,0711 pct 0,02537 market 0,03058 agricultur0,01799 

profit 0,05367 product   0,01924 pct 0,02756 soviet 0,01721 

share  0,03962 bpd 0,01851 currenc   0,02337 grain  0,01699 

rev 0,03651 compani   0,0183 exchang   0,02072 price  0,01622 

Compani 0,03238 opec0,01648 trade  0,02072 market 0,01477 

billion0,02529 ga  0,01294 billion   0,01899 depart 0,01444 

note0,02366 billion   0,01255 yen 0,01748 pct 0,01344 

pct 0,02294 energi 0,01148 stg 0,01698 crop0,01322 

record 0,01771 petroleum 0,0106 central   0,01483 offer  0,01311 

Dividend  0,01525 dai 0,01024 japan  0,01456 trade  0,01155 

avg 0,01498 industri  0,00962 dealer 0,01383 program   0,01088 

stock  0,01357 offici 0,00928 foreign   0,01323 corn0,01077 

prior  0,01302 explor 0,00923 monei0,0126 offici 0,00966 

bank0,01249 state  0,00923 todai  0,01123 farm0,00877 

div 0,01141 export  0,0085 offici 0,01022 winter 0,00855 

qtr 0,00935 import 0,00821 nation 0,01004 state  0,00844 

corp0,00861 reserv 0,00821 pari0,00999 farmer 0,00833 

qtly0,00832 produc 0,00816 govern 0,00908 week0,00811 

mth 0,00808 countri   0,00793 econom 0,00894 commod 0,00789 

group  0,00729 govern 0,00788 mark0,00867 countri   0,00777 

sharehold 0,00563 saudi  0,00788 reserv 0,00867 usda0,00777 

mark0,00559 market 0,00776 polici 0,00858 product 0,00677 

payabl 0,00554 week0,00748 agreement 0,00803 barlei 0,00666 

price0,0053 ecuador 0,00737 japanes  0,00785 agreement 0,00655 

common 0,0052 refineri  0,00731 treasuri  0,00785 import 0,00644 

product 0,00508 field  0,00664 rise0,00762 produc 0,00633 

market 0,00491 corp0,00658 week0,00753 season 0,00622 

rose0,00479 stock  0,00653 monetari  0,00748 world  0,00578 

oil 0,00465 minist 0,00647 countri   0,00735 govern 0,00555 

stg 0,00446 todai0,0063 intervent 0,00698 bui 0,00544 

Account  0,00415 output 0,00619 cut 0,00689 payment 0,00544 

cash0,00407 foreign   0,00613 bill0,00643 purchas 0,00544 

industri  0,00376 suppli 0,00613 industri  0,00643 soybean  0,005 

growth 0,00348 told0,00591 fund 0,0063 eep 0,00466 

rate 0,0034 februari  0,00579 deficit  0,00612 bushel 0,00455 

approv 0,00316 drill  0,00568 growth 0,00612 feedgrain 0,00411 

Acquisit  0,00307 rise 0,0054 told0,00607 februari 0,004 

Table 4.2 P(t|ci) is high for term relevant to the category 
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