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ABSTRACT 
When we apply binary classification to multi-class classification 
for text classification, we use the One-Against-All method 
generally. However, this One-Against-All method has a problem. 
That is, the documents of a negative set are not labeled manually 
while those of a positive set are labeled by human. In this paper, 
we propose that the Sliding Window technique and the EM 
algorithm are applied to binary text classification for solving the 
problem. We here improve binary text classification through 
extracting noise documents from the training data and reassigning 
categories of these documents using the EM algorithm.  

Categories and Subject Descriptors 
I.2.7 [Artificial Intelligence]: Natural Language Processing – 
Text analysis 

General Terms 
Algorithms, Performance, Experimentation. 

Keywords 
Text Classification, Binary Text Classification, The EM algorithm, 
Entropy, The Sliding Window Technique 

 

1. INTRODUCTION 
Text classification systems classify documents into a certain 
number of pre-defined categories. To organize training examples 
for learning tasks, we can use binary setting or multi-class setting. 
The binary setting has only two classes. These two classes can be 
composed of “relevant (positive)” and “non-relevant (negative)” 
for information retrieval applications [4].  

Generally, some classification tasks involve more than two 
classes. When we apply binary setting to multi-class setting with 
more than two classes, there is a problem that the multi-class 
setting consists of only positive examples of each category; each 
category does not have negative examples. In order to overcome 
this problem, the One-Against-All method is generally used. 
Figure 1 shows that the multi-class setting with four categories 
(politics, economics, society, and sports) changed into the binary 
setting using the One-Against-All method. Here, we note that 
documents of a positive set are generated for each category by 
hand while they are not manually created as a negative set against 
each category. Therefore, the negative set could have many noise 
documents. 
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Figure 1. Organizing training documents set by using the 

One-Against-All method. 
 

These noise documents can be the one of major causes of 
decreasing the performance of binary text classification. In order 
to remove these noise documents, we must solve two problems; 
“How can we find a boundary containing many noise 
documents?” and “How can we deal with noise documents found 
from the boundary?” This paper provides the solutions for these 
problems. The solution for the former is to employ the Sliding 
Window technique and Entropy and that for the latter is to use the 
EM Algorithm. 
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Figure 2. A plane figure of positive and negative example 
 

Figure 2 shows that the noisy documents of a negative set are 
mixed with documents of a positive set in a boundary. 



The rest of this paper is organized as follows. Section 2 presents 
previous related works. In section 3, we explain the proposed 
method in detail. Section 4 is devoted to the analysis of the 
empirical results. The final section describes conclusions and 
future works. 

 

2. RELATED WORK 
In [7], Liu proposed a method (called S-EM) to solve the problem 
of binary text classification. It is based on naïve Bayesian 
classification (NB) and the EM algorithm [3]. The main idea of 
the method is to first use a spy technique to identify some reliable 
negative documents from the unlabeled set. It then runs the EM 
algorithm to build the final classifier. 

In [11], Yu et al. proposed a SVM based technique (called PEBL) 
to classify Web pages given positive and unlabeled pages. The 
core idea is the same as that in [7], i.e., (1) identifying a set of 
reliable negative documents from the unlabeled set (called strong 
negative documents in PEBL), and (2) building a classifier using 
SVM. In [11], strong negative documents are documents that do 
not contain any features of the positive data. After a set of strong 
negative documents is identified, SVM is applied iteratively to 
build a classifier. 

 

3. THE PROPOSED TECHNIQUE 
This section presents the proposed approach which consists of the 
following four steps: (1) the One-Against-All method, (2) 
calculating prediction score, (3) calculating entropy using the 
Sliding Window technique, (4) the EM algorithm.  

 

3.1 The One-Against-All Method 
The One-Against-All method regards the documents of one 
category as positive examples and the documents of the other 
categories as negative examples [12]. It is seen as two classes at 
Figure 1. 

 

3.2 Calculating Prediction Score 
The goal of section 3.2 and 3.3 is to find the boundaries which 
denote a region with many noisy documents. For this, we first 
generate a positive document set and a negative document set for 
each category by the One-Against-All method. Then we learn a 
Naïve Bayesian classifier (NB) from the binary training data and 
we obtain the prediction score for each document by the 
following formula. 
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The probability of P(Positive|dj) and the probability of 
P(Negative|dj) are calculated from ordinary Bayesian formula [6]. 
ci means a category and dj means the documents of ci. 

P(Positive|dj) means a probability of the document dj to be 
positive in ci and P(Negative|dj) means a probability of the 
document dj to be negative in ci. 

According to these calculated prediction scores, the entire 
documents of each category are sorted out in the descending order. 

 

3.3 Calculating Entropy Using the Sliding 
Window Technique 
In our method, a boundary can be found from a block with the 
most mixed degree of positive and negative documents. To find 
the block, we first use the Sliding Window technique. Windows 
with a certain size are sliding from the top document to the last 
document in a ordered list by prediction scores. A entropy value 
is calculated for estimating the mixed degree of each window as 
follows [8]: 

 

 loglog)( 22 −−++ −−= ppppSEntropy         (2) 

 
where, given a window (S), P+ is the proportion of positive 
examples in S and P- is the proportion of negative examples in S.  

We pick up two windows with the highest entropy score; the first 
window is found from the top and the second one is from the 
bottom. Then we find maximum (max) and minimum (min) 
threshold values from selected windows respectively as a 
boundary. The max threshold value is found as the highest 
prediction score of a negative document of the first window and 
the min threshold value is as the lowest prediction score of a 
positive document from the second window. The left side of 
Figure 3 explains how to find max and min threshold values. 
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Figure 3. Finding the boundary section using the Sliding 

Window technique and calculating Entropy 
We regard the documents between max and min threshold values 
as unlabeled documents. These documents are re-assigned to two 
categories (positive and negative) to remove noise documents. 



Now three classes for documents of each category are constructed 
just like the right side of Figure 3: definitely positive documents, 
unlabeled documents, definitely negative documents. By applying 
the EM algorithm to these three data sets, we can re-assign 
unlabeled document to each category.  

 

3.4 The EM Algorithm 
In this article, the EM algorithm is used to rearrange unlabeled 
documents and to remove the noise data from them. The EM 
algorithm consists of two steps, the Expectation step and the 
Maximization step [3]. The algorithm first trains a classifier using 
the available labeled documents, and probabilistically labels the 
unlabeled documents (Expectation (E or E´) step). It then trains a 
new classifier using the labels for all the documents 
(Maximization (M) step) and iterates to convergence. For the 
naïve Bayes classifier, the steps used by EM are identical to those 
used to build other classifiers. Figure 4 shows how the EM 
algorithm is used in our method. 
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Figure 4. The EM Algorithm 

 

E´-step is changed from E-step to remove the noise documents 
located in the boundary area. Unlike original E-step, it does not 
assign document, du, to the positive class, P, because it   regards 
du as a noise document. Finally, we can learn the text classifiers 
with binary training data newly produced by the EM algorithm. In 
our EM algorithm, iteration is done twice in all experiments. 

 

4. EMPIRICAL EVALUATION 

4.1 Data Sets and Performance Measures 
To test our method, we used two different kinds of data sets: 
newswire articles (Reuters 21578), and web pages (WebKB). For 
fair evaluation in WebKB, we employed the five-fold cross-
validation method. 

The Reuters 21578 Distribution 1.0 data set consists of 12,902 
articles and 90 topic categories from the Reuters newswire. Like 
other study in [9], we used the ten most populous categories to 

identify the news topic. About 20% of documents from training 
data of the Reuters data set are selected for a validation set. 

The second data set comes from the WebKB project at CMU [2]. 
This data set contains web pages gathered from university 
computer science departments.  

In the preprocessing step to extract features from each document, 
the contents of documents are first segmented into sentences. We 
then extract content words from each sentence. To extract the 
content words, we use the Brill POS tagger [1]. Words with noun 
or verb POS tags are considered as content words. After 
preprocessing, we never use any method for feature selection. We 
use all extracted content words as features. 

As performance measures, we followed the standard definition of 
recall and precision. For performance average across categories, 
we used the micro-averaging method [10]. Results on Reuters and 
WebKB are reported as precision-recall BEP (breakeven points), 
which is a standard information retrieval measure for binary 
classification [5]. 

 

4.2 Experimental Results  
This section provides empirical evidences of the new proposed 
approach. It shows better accuracy than the One-Again-All 
method in all two training data sets and all three classifiers. 

 

4.2.1 The Experiments for Setting Parameters 
For this experimental data, we used validation set in the Reuters 
data set and the NB (Naïve Bayesian) classifier. And the basic 
system is the One-Against-All method. 

 

(1) Two Cases for a Definitively Positive Data Set 

In Figure 3, the definitively positive documents set is defined as 
documents which have higher prediction score than max threshold 
value (OPNF: One-Against-All Positive Not Fix). But because 
initial positive documents are generated by human, we can think 
of new definition for the definitively positive documents set. That 
is, all initial positive documents are used as definitively positive 
documents (OPF: One-Against-All Positive Fix). The results are 
shown in Table 1.  

 
Table 1. Comparison of two cases for the definitively positive 

documents data 

 Basic system OPNF OPF 
micro-avg 

BEP 89.75 90.7 92.31 

 
 

(2) Comparing E-step to E´-step in the EM Algorithm  

In the section 3.4, we proposed a new Expectation step (E´-step 
(E´) ). Here we compare E´-step to E-step to verify our proposed 
method. Table 2 shows the proposed EM(E´) achieved higher 
score than ordinary EM(E). 



Table 2. Comparison of E-step and E´-step in the EM 
algorithm 

 Basic system  Ordinary EM 
(E-step) 

Proposed EM 
(E´-step) 

micro-avg 
BEP 89.75 90.52 92.31 

 
 
 (3) Comparing performance according to window sizes  
Here we observe the performance changes according to each 
window size. Table 3 shows the performances when window sizes 
are 3, 5, and 7. 

 

Table 3. Comparison of performance for each window size 

Window Size 3 5 7 

micro-avg BEP 91.54 92.31 92.10 

 
 

From the results of Table 3, the size of 5 shows the best 
performance than other sizes. Therefore, the size of 5 is used in 
following all experiments. 

 

4.2.2 Comparing the Performance of Each Classifier 
To evaluate performance in each text classifier, we implemented 
three different text classifiers: NB (Naïve Bayesian), Rocchio, 
SVM (support vector machine). In Table 4, we can find that the 
proposed system has superior to the basic One-Against-All 
method over two different data sets and three different text 
classifiers. There are quite obvious performance differences for 
Naïve Bayesian and Rocchio classifiers. 

 

Table 4. The top precision-recall BEP of each classifier in the 
Reuters data set and the WebKB data set. 

NB Rocchio SVM Classifier  
 
 
Data Set Basic Our 

method Basic Our 
method Basic Our 

method
Reuters 90.80 93.86 89.24 91.80 94.66 95.52 

WebKB 85.67 87.21 86.52 88.26 92.12 92.64 

 
 

5. CONCLUSION AND FUTURE WORKS 
In this paper, we have proposed a new type of binary text 
classification using the Sliding Window technique and the EM 
algorithm to solve the problem of the One-Against-All method. 
As a result, our method shows the significant advanced 
performance in all three different classifiers. We have the 
following future works. First, we expect a better performance by 
using other effective method instead of the EM algorithm to 

remove noise data. Next, we need more accurate boundary search 
method. 
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