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Abstract. A major difficulty of text categorization problems is the high 
dimensionality of the feature space. Thus, feature selection is often performed 
in order to increase both the efficiency and effectiveness of the classification. In 
this paper, we propose a feature selection method based on Testor Theory. This 
criterion takes into account inter-feature relationships. We experimentally 
compared our method with the widely used information gain using two well-
known classification algorithms: k-nearest neighbour and Support Vector 
Machine. Two benchmark text collections were chosen as the testbeds: Reuters-
21578 and Reuters Corpus Version 1 (RCV1-v2). We found that our method 
consistently outperformed information gain for both classifiers and both data 
collections, especially when aggressive feature selection is carried out. 
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1   Introduction 

Text Categorization (TC - also known as text classification) is the task of assigning 
documents to one or more predefined categories (classes or topics). This task relies on 
the availability of an initial corpus of classified documents under these categories 
(known as training data). Depending on the application, TC may be either single-label 
(i.e., exactly one category must be assigned to each document) or multi-label (i.e., 
several categories can be assigned to each document).  

Text Categorization is an important component in many information management 
tasks such as spam filtering, real time sorting of email or files into folders, document 
routing, document dissemination, topic identification, classification of Web pages and 
automatic building of Yahoo!-style catalogs. That is why during the last decade there 
has been a great interest from researchers. 

TC literature mainly relies on Machine Learning methods such as probabilistic 
classifiers, decision trees, nearest neighbour classifiers, support vector machines and 
classifier committees, to mention a few. However, a major difficulty of text 
categorization problems is the high dimensionality of the feature space, which can be 
tens or hundreds of thousands of terms for even a moderate-sized text collection. 
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Most of the features are irrelevant and others introduce noise that diminishes the 
classifier effectiveness. Thus, feature selection becomes a crucial task for improving 
both the efficiency and effectiveness of the classification algorithms. Moreover, 
feature selection techniques reduce overfitting (i.e., the tendency of the algorithm to 
better classify the data it has been trained on than new unseen data), and makes the 
problem more manageable for the classifier. 

Let τ be the original set of features and ϕ  a certain feature selection criterion 

function. Without any loss of generality, let us consider a higher value of ϕ  to 

indicate a better feature subset. Formally, the problem of feature subset selection 
consists of finding a subset τ’ ⊆ τ such that τ ′ « τ  and )(max)( t

t
ϕτϕ

τ⊆
=′ [1]. 

According to John et al. [2] there are two main approaches to feature subset 
selection used in Machine Learning: wrapper and filtering. The idea of the wrapper 
approach is to select feature subset using the evaluation function based on the same 
algorithm that will be used for learning on domain represented with selected feature 
subset. This can result in a rather time consuming process, since, for each candidate 
feature subset that is evaluated during the search, the target learning algorithm is run 
usually several times. This approach has the advantage of being tuned to the learning 
algorithm being used. However, the sheer size of the space of different term sets 
makes its cost-prohibitive for standard TC applications. On the contrary, in the 
filtering approach a feature subset is selected independently of the learning method 
that will use it. It keeps terms that receive the highest score according to a function 
that measures the “importance” of the term for the TC tasks. Because of 
computational complexity the filtering approach is preferable over the wrapper 
approach to feature subset selection in TC. We will explore this solution in this paper. 

The filtering methods can be also divided into two categories: Best Individual 
Feature (BIF) selection methods and global subset selection methods. In the former, 
some evaluation function that is applied to a single feature is used. All the features are 
independently evaluated, a score is assigned to each of them and the features are 
sorted according to the assigned score. Then, a predefined number of the best features 
is taken to form the best feature subset. BIF selection methods completely ignore the 
existence of other words and the manner how the words work together. Scoring of 
individual features can be performed using some of the measures used in machine 
learning, for instance: information gain [3], document frequency, mutual information, 
χ2 statistic [4] and odds-ratio [5]. The mathematical definitions of these functions are 
summarized in [6]. Yang et al. [4], Mladenic et al. [7], Rogati et al. [8] and Forman 
[9] give experimental comparison of the above mentioned measures in text 
categorization tasks. Information gain was reported to work well on text data.  

As opposed to the BIF methods the global selection procedures reflect to a certain 
extent the dependencies between words. These methods include, for instance, forward 
and backward selection algorithms and oscillating search. Forward selection 
algorithms start with an empty set of features and add one feature at a time until the 
final feature set is reached. Backward elimination algorithms start instead with a 
feature set containing all features and remove features one at a time. Oscillating 
search [10] is not dependent on pre-specified direction of search. It is based on 
repeated modification of the current subset of features by alternating the so-called 
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down- and up-swings. However, these sequential methods can show to be too slow to 
yield results in reasonable time, because of their combinatorial nature. 

In this paper, we propose a new feature selection method based on Testor Theory 
[11] for text categorization tasks. This criterion not only takes into account inter-
feature relationships but also it is computationally feasible. We experimentally 
compared our method with information gain using k-nearest neighbour and Support 
Vector Machine classifiers over two benchmark text collections. We found that our 
method consistently outperformed information gain for both classifiers when 
aggressive feature selection is carried out. 

2   Basic Concepts 

Before presenting our feature selection method, we review the main definitions of the 
Testor Theory [11]. 

Let ζ  be the set of training samples, each of them described in terms of features 
τ={t1,…,tn} and grouped into the classes C1,…,Cr, r ≥ 2. Each feature ti takes values 
in a set Di, i = 1,…,n. Let M be the training matrix, whose rows represent the training 
samples and columns represent the features describing them.  

A comparison criterion of dissimilarity ψi : Di x Di → {0,1} is associated to each ti 
(i=1,…,n). Applying these comparison criteria for all possible pairs of objects 
belonging to different classes in M, a Boolean comparison matrix is built. Notice that 

the number of rows in the comparison matrix is ∑ ∑
−

= +=
=′

1

1 1

r

i

r

ij
ji CCm , where |Ci| 

denotes the number of objects in class Ci. 
In the Testor Theory, the set of features π = {ti1

,…,tik
} ⊆ τ and their corresponding 

set of columns {i1,...,ik} of a matrix M is called a testor, if after removing from M all 
columns except {i1,...,ik}, all rows of M corresponding to distinct classes are different. 
In terms of the comparison matrix, a testor can be described as a set of features for 
which a whole row of zeros does not appear in the remainder comparison submatrix, 
after removing all the other columns. A testor is called irreducible (typical) if none of 
its proper subsets is a testor [11].  

Thus, the set of all typical testors of a matrix M contains the combinations of 
features that distinguish the classes. 

3   Proposed Feature Selection Method 

Broadly speaking, our approach to feature selection is a combination of the individual 
and global approaches. More specifically, we use individual feature selection by 
applying word frequency criterion to select a first subset of features. Then, we apply 
Testor Theory to select the subset of these features that better discriminate the 
different target classes. Thus, this approach takes profit from both viewpoints: 
individual filtering speeds-up notably the selection of features and the global one 
takes into account possible feature correlations and discriminating power. Moreover, 
Testor Theory provides us a natural method to select for each class, independently of 
its weight and training set size, the set of features that better discriminates their 
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examples from the rest of classes. This approach alleviates the problem of unbalanced 
classes, which is a very common problem in TC, and implies that aggressive feature 
selection affect to all the classes not only the smaller ones. Next paragraphs describe 
in detail how Testor Theory is applied to filter features. 

In our text categorization problem, ζ is the set of training documents, τ contains all 
terms occurring in the documents and C1,…,Cr are the categories. Each document dj is 

represented as a vector of term weights ),...,( 1
j

n
j

j wwd = . The selection of terms 

includes removing tags and stop words, lemmatization and proper name recognition. 
Weights are computed by using the standard ltc variant of tf-idf function [12], i.e., 

)(
log)),(log1(

i
ji

j
i tdf

dtTFw
ζ

⋅+= , where TF(ti,dj) denotes the number of times ti 

occurs in dj and df(ti) is the number of documents in ζ in which ti occurs at least once. 
The representative of a category Ci, denoted as ic , is calculated as the average of 

the documents of that category, that is, 
⎟
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Given a category Ci, let T(Ci) = {t1,…, tnci
} be the most frequent terms in the 

representative ic , i.e., the terms tj such that ε≥ic
jw , j = 1,…, nci

 and ε is an user-

defined parameter that represents the minimum frequency required to consider a term 
in the global subset selection process.  

For each category Ci, we construct a matrix MR(Ci), whose columns are the terms 
of T(Ci), and its rows are the representatives of all categories, described in terms of 
these columns. Notice that this matrix is different in each category. 

In order to calculate the typical testors, we considered two classes in the matrix 
MR(Ci). The first class is only formed by ic and the second one is formed by the other 

category representatives. Notice that our goal is to distinguish the category Ci from 
the other categories.  

For the calculus of the typical testors, the key concept is the comparison criterion 
of the values of each feature. In our case, the features that describe the documents are 
the terms and its values are the weights of terms. The comparison criterion applied to 
all features is:  

⎪⎩

⎪
⎨
⎧ ≥−=

otherwise

wwifww
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ji
c
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1),( δψ , 

where ji c
k

c
k ww ,  are the weights in the category representative ic  and jc  in the 

column corresponding to the term tk respectively, and δ is a dissimilarity threshold (in 
our experiments we use δ=0.15). As it can be noticed, this criterion considers the two 
values (weights of the term tk) different if the term tk is frequent in category Ci and not 
frequent in category Cj. 

In order to determine all typical testors of each matrix MR(Ci), we use the 
algorithm LEX [13], which computes efficiently the typical testors of a data 
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collection. Finally, the selected feature subset is the union of typical testors of all 
categories. Notice that, unlike global feature selection methods, the number of desired 
features is not fixed beforehand, but it depends on the ε parameter. 

The proposed feature selection method is summarized as follows: 

Algorithm Feature selection 
Input: M: training matrix. 

   ε: term frequency threshold. 
Output: τ’: set of selected features. 
1. For each category C: 

a. Construct the matrix MR(C). 
b. Calculate the typical testors of the matrix MR(C), 

regarding two classes: C and its complement.   
c. Let U(C) be the union of all typical testors 

found in the step b. 

2. τ’ = ∪
C

CU )(  

4   Experimental Results 

As mentioned before, Information gain had been one of the best performing  
feature selection measures for text categorization. It takes into account the presence  
of the term in a category as well as its absence and can be defined by 

∑ ∑
∈ ∈ ⋅

⋅=
},{ },{

2 )()(

),(
log),(),(

ii kkCCC ttt
ik CPtP

CtP
CtPCtIG  [6]. In this formula, probabi-

lities are interpreted on an event space of documents (e.g. ),( ik CtP  indicates the 

probability that, for a random document d, term tk does not occur in d and d belongs to 
category Ci), and are estimated by maximum likelihood. We use the maximum value 
over all categories as the global score. 

In this section, we compare the proposed feature selection method with 
Information gain. With this aim, two high-performing classifiers for the experiments: 
k-Nearest neighbour (parallel implementation, [14]) and Support Vector Machines 
(LibSVM, [15]) are selected. We used the standard C-SVC form of the SVM 
classifier with C=1, the linear kernel and tolerance of termination criterion = 0.1. No 
data scaling has been done. We also used the binary approach, which extends the one-
against-all multi-class method for multi-label classification. 

4.1   Data Sets 

In our experiments two benchmark text collections were chosen as the testbeds: 
Reuters-215781 and Reuters Corpus Version 1 (RCV1-v2) [16]. The distribution of 
training documents into the categories is quite unbalanced in both collections. 

                                                           
1 The Reuters-21578 collection may be freely downloaded from http://kdd.ics.uci.edu.  
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Reuters-21578 consists of a set of 12902 news stories classified under 135 
categories related to economics. In this paper, we used the subset of 90 categories 
with at least one positive training example and one test example. This collection is 
partitioned (according to the “ModApté” split we have adopted) into a training set of 
7058 documents and a test set of 2740 documents. The dimension of the document 
space is 26602 terms. 

RCV1-v2 collection consists of over 800000 newswire stories that have been 
manually classified into 103 categories. The topic codes were selected as class labels. 
This collection is partitioned (according to the LYRL2004 split we have adopted) into 
a training set of 23149 documents and a test set of 781265 documents. The dimension 
of the document space is 47152 terms. 

As we used a parallel implementation of k-Nearest neighbour classifier [14], our 
experiments are carried out over the entire RCV1-v2 collection. However, SVM is 
unable to handle such a collection, and consequently we used a small percentage (2%) 
of it. The documents were randomly chosen, and split into a 70% training set and 30% 
test set, while maintaining the distribution of the class probabilities in the original 
training and test sets. The resulting set has 11224 training documents and 4815 test 
documents. 

4.2   Results 

The first experiments are conducted to compare the categorization performance of our 
feature selection method (TT) against Information Gain (IG) using k-NN and SVM 
classifiers on the two above-mentioned Reuters collections. In our experiments, we 
set ε = {0.1, 0.15, 0.2, 0.25, …, 0.7} to obtain feature subsets of different sizes. For 
instance, we obtained a subset of 502 features in Reuters-21578 and 639 features in 
RCV1-v2 collection when ε is fixed to 0.4. Figures 1, 2, 3 and 4 show the classifiers 
performance w.r.t. different feature subset selections (including all features). 
Effectiveness is evaluated with both micro-averaged and macro-averaged F1 
measures. Whereas micro-F1 depends on the size of the evaluated categories, macro-
F1 depends on the number of categories to be evaluated. Thus, a classifier that 
behaves well on large categories will obtain a high micro-F1 value, but if it does not 
with small ones it will obtain low macro-F1. This is because in text collections, large 
categories cover a very large portion of the collection and small categories are much 
more numerous than large ones. As a result, when applying feature selection it is 
more difficult to improve macro-F1 values than micro-F1 ones. 

Several observations can be made by analyzing the results in Figures 1, 2, 3 and 4. 
First, our feature selection method consistently outperformed information gain for 
both classifiers and both data collections at all number of selected features. The 
increase of performance is much larger for macro-averaged F1 (27% for Reuters-
21578 and 18% for RCV1-v2 in average) than micro-averaged F1 (0.37% for Reuters-
21578 and 5% for RCV1-v2 in average). This fact seems to suggest that our feature 
selection method is more insensitive to the problem of unbalanced class distribution. 
Another interesting observation is that the lesser number of selected features, the 
higher increase of performance is obtained. 
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Fig. 1. Macro-averaged F1 scores for Reuters-21578 collection 
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Fig. 2. Micro-averaged F1 scores for Reuters-21578 collection 

A second fact that also emerges clearly from the figures is that our method 
achieves better F1 scores with very aggressive feature selection than those obtained 
when all features are regarded for both classifiers and both text collections. 

Finally, in Figure 1 we observe that a good feature selection method enables k-NN 
classifier surpasses SVM’s performance. 

Our second experiment was focused on evaluating the time performance of our 
feature selection method (see Fig. 5). It can be seen that the behaviour is exponential 
as the number of selected features increases. From a practical point of view this is not 
a problem. Notice that execution times are negligible for aggressive feature selections,  
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Fig. 3. F1 scores for k-NN classifier on the entire RCV1-v2 collection 
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Fig. 4. F1 scores for SVM classifier on the small percentage (2%) of the RCV1-v2 collection 

at the same time that good effectiveness improvements are achieved for them (see 
Figures 1-5). When the feature selection is not so aggressive (e.g. 2209 features), the 
combinatorial explosion arises but at the same time effectiveness improves very 
slightly. In this way, this indicates that global methods (as ours) are useful when 
applying aggressive feature selection, and that individual methods (e.g. tf-idf) are 
useful when selecting large feature subsets. 

Comparing to other global methods, our execution times contrast with, for 
example, the 11 hours that Oscillating search takes to select around 2000 features in a 
subset of our test collection [17]. 
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Fig. 5. Computational time of our feature selection method over Reuters-21578 collection 

5   Conclusions 

In this paper, a feature selection method that combines word frequency criterion and 
Testor Theory for Text Categorization tasks has been proposed. This method not only 
takes into account feature relationships and discriminating power but also it is 
computationally feasible. In this sense, it takes advantages from both individual and 
global methods for feature selection. 

The experiments were conducted on two benchmark text collections (Reuters-
21578 and RCV1-v2) using two high-performing classifiers (k-nearest neighbour and 
SVM). Results show that our method consistently outperformed information gain, 
especially when aggressive feature selection is carried out. The better performance 
improvements are obtained with respect to macro-averaged F1. This suggests that the 
proposed method is not affected by unbalanced class distribution. 

The proposed method achieves good F1 scores with very aggressive feature 
selection, and even better than those obtained when all features are regarded. Thus, it 
may significantly ease the application of more powerful and computationally 
intensive machine learning methods to very large text categorization problems which 
are otherwise intractable. 

As future work, we plan to study how this feature selection method can be applied 
in the context of adaptive document filtering tasks. 
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