
 

Abstract — Digital libraries provide large, 
accessible knowledge bases that allow us to 
quickly retrieve relevant information. The largest, 
most easily available repository of digital 
information is the Web, but accurate automatic 
classification of its content is needed for its 
integration into digital libraries. In this paper we 
propose a method for automatic classification of 
documents downloaded from the web. In text 
categorization problems, such as this, acquiring a 
large amount of labeled data is a tedious and time 
consuming job. Co-Training is a semi-supervised 
learning technique which overcomes this problem 
as it only needs a small amount of labeled data 
and sufficiently large amount of unlabeled data in 
order to induce a good-quality classifier. However, 
Co-Training setting depends on the existence of 
the natural separation of the features into two 
disjoined sets, which is rarely found in real-life 
data. Therefore in this paper we use RSSalg, a 
technique that we have developed, that addresses 
the problem of the application of Co-Training on 
datasets without the natural feature split. We 
demonstrate the good performance of this 
algorithm on the news classification problem by 
comparing it to different Co-Training settings, as 
well as to traditional supervised approach. In the 
experiment conducted in this paper we show that 
RSSalg exceeds the performance of the settings it 
was compared by. 

 
Index Terms — Digital libraries, Content-based 

text categorization, Co-Training, Genre 
classification, Semi-supervised learning 

1. INTRODUCTION 

IGITAL  library initiative
1
 focuses on 

collecting, storing and organizing information 
in digital formats and thus creating the large, 
accessible knowledge bases available for 
effective searching, retrieval and processing via 
communication networks. The ability to quickly 
retrieve current topical information and channel it 
towards the appropriate users is of great 
importance in many aspects of everyday life such 
as economic, scientific, cultural, social, etc. [1]. 
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The largest, most easily available repository of 
digital information is the Web, therefore promising 
to be a powerful information source for digital 
libraries.  
The accurate classification of Web content is 
considered to be fundamental to its integration 
into the digital library. However, it’s exponential 
growth and fast pace of change along with the 
unstructured and sometimes unreliable nature of 
present information hardens the possibility of 
relevant information retrieval in the right time. 
This introduces a problem of automatic retrieval 
and categorization of documents from the Web, 
making it a more competent source for digital 
libraries.  
 In this paper we will focus on the issue of 
automatic categorization of text documents useful 
in the cases where manual organization of 
documents is too expensive or not feasible given 
the time constraints of the application or the 
number of documents involved. 
 In order to automate a text categorization task, 
we must firstly define a list of categories and 
prepare the sample of labeled documents as the 
training set for the learning process [2]. The 
quality of the classification model obtained in the 
learning process depends to a great extent on the 
training set used for it’s creation – in order to form 
a model with high generalization ability (i.e. 
capability to predict the class of previously 
unseen examples with the high degree of 
success), a vast amount of various labeled data 
is necessary. However, this is a tedious and time 
consuming process that requires a large amount 
of human effort. 
 In order to overcome the problem of laborious 
hand-labeling of a large training set, we turn to 
semi-supervised learning techniques which can 
induce classifiers from only a small number of 
labeled data and sufficiently large number of 
unlabeled data. One of the most promising semi-
supervised learning methods is Co-Training. It 
was first introduced by Blum and Mitchell in [3], 
where a theoretical and experimental proof that 
Co-Training is able to boost the performance of a 
weak initial classifier trained on the small set of 
labeled data, whilst only using a sufficient amount 
of previously unlabeled data, is presented. The 
Co-Training setting is shown to perform the best 
on the datasets with features that naturally 
separate into two disjoined sets (views). For 
example, Blum and Mithcell in [3] used Co-
Training to classify Web pages using the text on 
the page as one view and the anchor text 
of hyperlinks on other pages that point to that 
page as the other view. 
 Basically, Co-Training employs two base 
classifiers, trained on different views, which use 
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unlabeled data to boost each others performance. 
However, in most practical settings, the natural 
split of features that describe the dataset does 
not exist [10]. In this paper we use Random Split 
Statistic Algorithm that we have developed earlier 
and presented in [4], which can be applied to 
such settings.  
  Random Split Statistic Algorithm runs the Co-
Training algorithm for a predefined number of 
times, each time using a different random feature 
split. Thus, the result of Co-Training is different 
each time and it consists of initially labeled 
examples and examples labeled in Co-Training 
process. Processing all of these Co-Training 
results we select the examples that appear in 
most resulting sets and for which most of the 
resulting Co-Training classifiers agree on the 
label. The final training set is formed from these 
selected results and it is used for learning a 
model with much higher classification 
performance then the initial model learned only 
on labeled examples. 
 We evaluate the performance of our solution by 
using dataset composed from newsgroup 
postings

2
. We compare it to the performance of 

the classic Co-Training algorithm applied using 
the natural feature split, random feature split and 
artificially created maxInd feature split used in [6], 
as well as the performance of the supervised 
Naive Bayes classifier trained on the labeled 
version of whole dataset. Our experiments show 
the good performance of Random Split Statistic 
Algorithm applied on the task of automatic 
classification of newsgroup postings, which in the 
experiment conducted in this paper even exceeds 
the performance of settings it was compared by. 
 The paper is organized as follows: section 2 
presents the related work. Section 3 presents the 
Co-Training algorithm. Section 4 describes 
maxInd algorithm which we use as the 
benchmark for testing the performance of our 
solution. Section 5 describes our Random Split 
Statistic Algorithm. In sections 6 and 7 we present 
the experiments we conducted and achieved 
results. Finally, section 8 concludes this paper 
and gives possible directions of future work. 

2. BACKGROUND 

 There has been a lot of research in the field 
of automatic content classification for the purpose 
of digital libraries creation. Finn et al. [6] see 
WWW as a vast resource of digital information, 
but state that its anarchic nature presents a 
challenge for information extraction and 
categorization. They have described the Body 
Text Extraction (BTE) algorithm as a pre-
processing step in their application for classifying 
news articles on the web. This algorithm extracts 
the relevant part of the Web page, as they are 
often filled with clutter such as advertising, links, 
etc. They have shown that it is possible to 
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accurately classify documents according to 
weather they represent facts or opinions. Thurlow 
[7] also considers classification of web content 
into digital libraries by developing a prototype 
classifier which assigns subject categories from 
the ABI an Inspec

3
 controlled vocabularies to 

content retrieved from the Web.  
Several authors considered employing semi-

supervised learning techniques in text 
categorization problems due to the fact that 
obtaining training labels for text categorization 
problems is expensive, while there are large 
quantities of unlabeled documents available. 
Blum and Mitchell [3] proposed the Co-Training 
algorithm for class label extraction given a large 
set of unlabeled and a small set of labeled 
examples. They have demonstrated the good 
performance of Co-Training algorithm on the 
Web page classification problem. Nigam et al. [8] 
combine Expectation-Maximization (EM) and a 
Naive Bayes classifier for the purpose of text 
classification and demonstrate the performance 
of their algorithm on web page and news article 
categorization problem. In [9] semi-supervised 
approaches for online news classification which 
only rely on a small amount of positive examples 
and a sufficient amount of unlabeled data are 
presented. 

The performance of the original Co-Training 
algorithm, as proposed by Blum and Mitchell [3], 
is dependent of the existence of the natural 
feature split in the data. This limits the application 
of Co-Training and consequently it has initiated 
research directed towards finding the ideal 
artificial feature split. Nigam and Ghani [5] have 
proven that Co-Training using a truly independent 
view outperforms Co-Training applied to the 
randomly divided views. However, Feger et al. 
[10] reported that the performance of Co-Training 
does not always become better by simply 
choosing truly independent views. They have 
proposed a new graph-based feature splitting 
algorithm called maxInd which creates two 
feature splits maximally independent given the 
class. Their experiments has shown that maxInd 
does not always outperform random split, 
depending on the classifier used. This was 
explained with the sensitivity of Co-Training to the 
dependence of the features within each view. 
Terabe and Hashimoto in [11] showed that the 
requirements stated by Blum and Mitchell in [3] 
are not valid in some cases. They have 
concluded that the aspects affecting the 
performance of Co-Training have not been 
sufficiently investigated yet. 

3. THE CO-TRAINING SETTING 

 Obtaining a large training set of labeled data for 
text categorization task is a laborious and time 
consuming job. Using a small set of labeled data 
along with the traditional classification algorithm 
would result with the poor performance model 
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that has low generalization ability. However, a 
large amount of unlabeled text documents are 
easily accessible on the Web. Co-Training 
algorithm can use this unlabeled data and to 
boost the performance of the model learned on 
the small set of labeled data.  
 The original Co-Training setting [3] is 
applicable on the datasets with features that 
naturally separate into two disjoined sets (views). 
Each of these views separately must be sufficient 
for a correct classification. In the Co-Training 
algorithm, two classifiers are trained, one for each 
view. Then, each classifier is applied on the set of 
unlabeled examples. Each one is allowed to label 
those examples from unlabeled set for which it 
predicts the label with most confidence. Such 
labeled examples are then added to the initial 
training set and both classifiers are re-trained on 
the enlarged training set, so that they learn form 
the newly added data. We can think of this 
process as employing two base classifiers that 
use unlabeled data to boost each others 
performance. 
 Co-Training algorithm runs for the predefined 
number of iterations and incrementally builds 
classifiers over each feature set. As a result, final 
classifiers induced from labeled and unlabeled 
data together are significantly improved. We can 
deduce the class of the previously unseen (test) 
example by multiplying the probabilities output by 
these classifiers, and choosing the class 
predicted with most confidence. Table 1, taken 
from [3] presents the Co-Training algorithm 
proposed by Blum and Mitchell. The given 
algorithm labels examples with the respect to 
their membership in one of the two classes – 
positive and negative.  

 

4. MAXIND SPLITTING ALGORITHM 

 Since our aim includes developing a Co-
Training based algorithm that can be applied on 
the settings where there is no natural feature split 
available, we use the Co-Training setting given in 

[10] as the benchmark, since their goal is similar 
to ours.  
 The Co-Training setting described in [10] 
applies the method called maxInd for creating the 
artificial feature split, and uses this split when 
running the Co-Training algorithm. MaxInd 
algorithm strives to maximize the independence 
between the two feature sets (given the class), as 
this is one of the requirements stated by Blum 
and Mitchell [3] for the successful application of 
Co-Training. 
  Feger et al. [10] considered Conditional Mutual 
Information (CondMI) [13] as the measure for the 
class-conditional dependence between the views. 
In the ideal feature split for Co-Training, with two 
views conditionally independent given the class, 
conditional mutual information should have the 
value of 0. Thus, maxInd splitting algorithm 
strives to minimize CondMI between the views. 
 However, computing CondMI for all candidate 
feature splits is computationally intractable. Thus 
in [10] CondMI is estimated as the sum of pair 
wise CondMIs of all the pairs made from features 
from different sets. 

4.1. MaxInd splitting algorithm 

 As the first step in maxInd algorithm, CondMI is 
calculated between every pair of features. The 
result is presented as undirected graph with 
features for vertices and CondMI for pair of 
features as weight on the edge connecting 
vertices that represent those features. In the 
second step this graph is cut into two disjoined 
parts of the same size in such a matter that the 
sum of cut edges is minimized. Thus, the 
dependence between two parts of graph is 
minimized. 
 The split in the second step is produced by 
using the graph partition heuristic proposed by 
Kernigham and Lin [14]. This split is then used as 
the feature split in Co-Training setting without 
changes for all Co-Training iterations. 
 The Co-Training setting requires only a few 
labeled examples. Since CondMI calculation 
requires the class label, only the initial labeled 
data can be used for the calculation of pair wise 
CondMIs in order not to violate the Co-Training 
setting. 

5. RANDOM SPLIT STATISTIC ALGORITHM 

 The main part of our text classification 
methodology is the Random Split Statistic 
Algorithm. We developed this algorithm earlier 
and presented it in [4]. As Co-Training algorithm it 
can boost the accuracy of a weak initial classifier 
trained only on small amount of labeled data by 
using only unlabeled data. However, unlike Co-
Training, it can be applied to the datasets without 
the natural feature split. 
 The first step in Random Split Statistic 
Algorithm (RSSalg) is to apply the Co-Training 
algorithm on the same dataset for a predefined 
number of times, each time using a different 
random split. Each random feature split is created 
by randomly choosing half of the features as the 
first feature set (view), and treating the remaining 
features as the second feature set (view). In the 

TABLE 1.  
THE CO-TRAINING ALGORITHM 

Given: 

 A set L of labeled training examples 

 A set U of unlabeled examples 
 Two feature sets (views) 

1x  and 
2x  describing 

the examples 
Create a pool U’ of examples by choosing u examples 

at random 

 from U. 

Loop for k iterations: 

 Use L to train a classifier 
1h  that considers only 

the 
1x portion of x. 

 Use L to train a classifier 
2h  that considers only 

the 
2x portion of x. 

 Allow
1h  to label the most confidently predicted  

p positive and n negative examples from U’. 

 Allow 
2h  to label the most confidently predicted  

p positive and n negative examples from U’. 
 Add these self-labeled examples to L. 

 Randomly choose 2p + 2n examples from U to 
replenish U’. 



 

end of each Co-Training algorithm we have an 
enlarged training set L consisting of initially 
labeled examples and examples labeled in Co-
Training process. We will refer to such training 
set as Co-Training result set Lres. For each Co-
training run, this enlarged training set is different 
as different feature split is used. Statistic on the 
level of examples appearing in these result sets is 
recorded – the number of appearances of each 
example in Co-Training result sets (number of 
Lres sets that contain this example) and labels 
given to it by Co-Training classifiers are recorded. 
We will refer to this statistic as Stats. 
 In the second step, for each example contained 
in the Stats, the number of example appearance 
is divided by the number of all Co-Training result 
sets (the number of times the Co-Training 
algorithm was run) to calculate the example’s 
occurrence percent. The majority label C for the 
example is found and assigned to it. We will refer 
to the label C as the most voted label. We 
calculate the label agreement percent as the 
number of times example was labeled C in the 
statistic divided by the number of times it appears 
in Co-training result sets. 
 Following the assumption that the examples  
appearing in most Co-Training result sets are the 
most profitable ones, and that those examples 
that have the highest label agreement among the 
resulting Co-Training classifiers are the most 
reliable once, we select examples for the final 
training set creation based on their example 
occurrence percent and their label agreement 
percent. This is done by defining two thresholds – 
label threshold and example threshold. Only 
those examples that have higher example 
occurrence percent then example threshold and 
higher label agreement percent then the label 
threshold are selected for the final training set 
creation. 
 Finally, the classification model is trained on 
the training set output by RSSalg (features from 
both views are used without separation), and we 
use this model to classify previously unseen (test) 
examples. . 

6. GOLD STANDARD DATASET 

 We tested the performance of Random Split 
Statistic Algorithm on News2x2 dataset proposed 
by Nigam and Ghani in [5] that is also used by 
other authors [10, 12] for testing Co-Training 
algorithm and its variations.  
 News2x2 is a semi-artificial dataset created 
from newsgroup postings. Following other 
authors, we used this dataset instead of the 
original newsgroup postings because it offers a 
truly independent split in a two-class problem, 
which we need in order to test RSSalg against 
standard Co-Training algorithm with natural 
feature split. 
 News2x2 is created by selecting 4 newsgroups 
from the 20Newsgroups dataset (which contains 
20000 newsgroup postings sorted in 20 classes 
(by genre), 1000 postings each). Two artificial 
classes are created – Pos and Neg. Examples of 
the class Pos are created by random selection 

and joining of pairs of examples from the first two 
newsgroups, and examples of the class Neg are 
created by random selection and joining of pairs 
of examples from the second two newsgroups (as 
described in table 2, taken from [10]).  

 
 Pairs of examples are joined in such a way that 
the words from the first and third newsgroup 
come from the first vocabulary, while the words 
from the second and fourth newsgroup form the 
second vocabulary. Thus, the word “career” from 
the first newsgroup is a distinct feature from the 
word “career” in the second. 
 News2x2 dataset contains 2000 examples, 
1000 for each class. The most important property 
of the News2x2 dataset is that the feature sets 

1x  and 
2x  (see table 2) are truly independent 

given the class. Each of these views is sufficiently 
redundant for accurate classification with Naive 
Bayes classifier (as shown in [10]). Thus, all the 
requirements for successful application of Co-
Training stated in [3] are met.  
 In order to reproduce the results given in [10] 
and compare them to results achieved by 
RSSalg, a same preprocessing and text 
representation technique is adopted. For text 
representation, a bag of words model with tfidf 
measurement [15] is used. The use of this text 
representation technique results in high-
dimensionality sparse feature space. In order to 
reduce the dimensionality whilst maintaining as 
much information as possible, the following pre-
processing steps for tfidf calculation are applied: 
a string tokenization of the text, a stop-words list 
filter for the removal of 319 frequent words from 
the data, and finally stemming using the Porter’s 
stemming algorithm [16]. Secondly, for the further 
reduce in dimensionality, a feature selection in 
which the document frequency measure is used 
to select the top 200 words for each split is 
applied. Document frequency of a term is 
calculated as the number of documents in the 
dataset in which the term occurs. This measure 
considers more frequent words as more 
important then the less frequent ones. It was 
chosen as it is class independent and therefore 
does not violate the Co-Training setting. 

7. EXPERIMENTAL RESULTS 

In order to compare the performance of 
RSSalg to the performance of Co-Training 
algorithm applied on the news classification 
problem, we adopted the evaluation procedure 
resembling the 10-fold-cross validation described 
in [10].  
 In the standard procedure of 10-fold-cross 
validation, experimental data is divided in 10 
folds, and in each of the 10 rounds in the process 

TABLE 2.  
THE NEWS2X2 DATASET 

Class Feature set 
1x  Feature set 

2x  

Pos 
1:comp.os.ms-
windows.misc 

2: 
talk.politics.misc 

Neg 
3:comp.sys.ibm.pc. 

hardware 
4: 

talk.politics.guns 

 



 

of validation, one different fold (10% of the data)  
is used for testing, while the remaining 9 folds 
(90% of the data) are used for training. Applying 
this procedure on Co-Training would result in 
many examples to be omitted from both testing 
and training data as Co-Training setting uses only 
a small amount of both labeled and unlabeled 
data. A better utilization of the available data is to 
increase the size of the test set which will improve 
the evaluation of the classifier without significantly 
reducing its quality. 

Thus, in the experiment, data is divided into 10 
stratified folds. In each round of 10-fold-cross 
validation, a different fold is selected for random 
selection of required number of labeled training 
examples. The remaining data from that fold, as 
well as 5 adjacent folds are used as unlabeled 
training examples, and finally, the remaining 4 
folds are used as testing examples. Thus, in each 
round, 60% of the data is used for training and 
remaining 40% of the data is used for testing. 
Each fold is used exactly once for the selection of 
labeled data, five times it is included as unlabeled 
data and four times it is used as a part of the 
testing set. 

The measure of performance used in this 
experiment is the accuracy measure: 

)()( fntnfptptntpaccuracy  , 

where tp and tn represent the number of 
examples correctly predicted as positive and 
negative, respectively, and fp and fn represent 
the number of examples falsely predicted as 
positive and negative, respectively. 
 The base classifier used in Co-Training 
algorithm is Naive Bayes that has shown good 
performance in multiple text categorization tasks 
[17]. 
 The experiment was performed on the news 
classification problem, on the News2x2 dataset 
described in chapter 6. The baseline accuracy of 
this dataset, achieved when classifying all test 
examples to the majority class of the training set, 
is 50%, as number of positive examples and 
number of negative results are equal. 
 For comparison, four different settings are 
used: a traditional supervised Naive Bayes 
classificator trained only on labeled examples, 
Co-Training setting which uses a split that 
naturally divides features into two views (see 
Table 2) contained in the News2x2 dataset, Co-
training setting using a maxInd split which was 
created as described in chapter 4, Co-Training 
setting using a random split created by random 
selection of half of the features in the first view 
and using the remaining features as the second 
view, and finally, the RSSalg. Implementation of 
these settings relies on WEKA

4
 framework as in 

[10]. 
In the experiment the initial labeled set L is 

created from 5 examples labeled as Pos and 5 
experiments labeled as Neg. In each Co-Training 
iteration, each of the Co-Training inner classifiers, 
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1h and 
2h , are allowed to add 5 newly labeled 

examples from each class to the training set L 
(p=5, n=5). The size of the unlabeled pool |U’| is 
50 (u=50). Number of iterations for Co-Training 
algorithm is 20 (k=20). All of these settings were 
taken from [10]. 

For the purpose of this experiment we set the 
label threshold to be 61%, the example threshold 
to 40% (on the scale of minimal example 
occurrence percent to maximal example 
occurrence percent), and the number of different 
random splits used in RSSalg to be 30, as these 
were empirically determined to be the best 
solutions in experiment presented in this paper. 

The results achieved by different settings used 
in this experiment are presented in Table 3. The 
first column in Table 3 shows the final accuracy 
achieved by the algorithm. For Co-training 
settings run with natural, random and maxInd split 
this is the accuracy achieved at the end of Co-
Training algorithm, i.e. after its 20

th
 iteration. For 

RSSalg this is the accuracy achieved on the 
training set which resulted from choosing best 
examples from Co-Training resulting training sets 
(Co-Training was run on 30 different random 
feature splits, each time for 20 iterations). The 
second column in Table 3 (“Increase”) shows the 
difference between the final accuracy achieved by 
the algorithm and accuracy achieved by Naive 
Bayes classifier trained on small initial labeled set 
L only. Thus, the positive results show the 
improvement, while negative results show the 
degradation in accuracy. Finally, the third column 
(“Gap”) shows the difference between the goal 
accuracy and final algorithm accuracy. We refer 
to the goal accuracy as the average accuracy 
achieved by Naive Bayes classifier trained on the 
labeled version of all training data (both views) in 
10-fold-cross validation. In this experiment the 
goal accuracy was determined to be 89.6%. 

 
 Thanks to the implementation of experiment 
conducted in [10] sent to us by Dr. Feger, we 
were able to reproduce the results presented in 
[10], concerning the natural, random and maxInd 
Co-Training setting. The results presented in 
Table 3 show that the best performance among 
classic Co-Training algorithm settings is achieved 
by Co-Training setting with random feature split, 
followed by Co-Training split with natural split, 
and finally Co-Training with maxInd split, which 
even results in degradation of the initial accuracy. 
It should be noted that Feger in [10] achieved 
better results with maxInd split by using other 
base classifiers such as SVM and RBF net. This 
is not surprising as paper [18] indicates that the 
accuracy of Naive Bayes is not directly correlated 
to the degree of feature dependences measured 
as the class-conditional mutual information 
between the features. 

TABLE 3.  
ACCURACY[%] OF CO-TRAINING  SETTINGS ON  

NEWS2X2 DATASET 

 
Final 

accuracy 
Increase Gap 

Natural 81.0 1.9 8.6 

Random 81.3 2.1 8.3 

MaxInd 79.4 -3.2 10.2 

RSSalg 89.0 8.0 0.6 

 



 

 The best performance of compared settings in 
this experiment was achieved by RSSalg which 
shows the increase in accuracy of 9.9%, almost 
reaching the goal accuracy. RSSalg has a greater 
time complexity than any of the settings it was 
compared by. However, models are mostly 
trained offline which makes the time complexity 
less of a problem.  

8. CONCLUSION AND FUTURE WORK 

 In this paper we have proposed the method for 
automatic categorization of news articles by 
genre which could be used as a part of automatic 
retrieval and categorization of documents from 
the Web, making it more semantically structured 
and therefore a potent source for digital libraries.  
 The proposed method, RSSalg, is based on 
Co-Training algorithm, a semi-supervised 
learning method which allows us to induce a good 
quality classifier while using only a small amount 
of labeled data and a sufficiently large amount of 
unlabeled data. But, unlike Co-Training, RSSalg 
can be applied to the single-view datasets. 

 While the classic Co-Training algorithm 
chooses examples which will be labeled and 
added to final training set based on the 
confidence output by its inner classifiers, RSSalg 
uses the more complex approach by choosing 
examples that are statistically most frequent in 
the Co-Training resulting training sets and have 
the high label agreement among Co-Training 
classifiers.  

In the news categorization experiment 
performed in this paper on the semi-artificial 
News2x2 dataset we demonstrate the good 
performance of RSSalg compared to different Co-
Training settings, as well as supervised Naive 
Bayes trained on labeled data alone.  

The methodology presented in this paper can 
serve as the bases for automatic acquisition of 
information from the Web for the purpose of 
target spidering, domain specific classification 
(e.g. for digital library creation, computer-
understandable knowledge bases, categorization 
of documents as a part of an ontology, etc. ), and 
a trainable general purpose text categorization engine. 

Our future work includes further testing of this 
algorithm on other datasets and improvement of 
RSSalg in finding a more general way of 
determination of its parameters (i.e. example 
threshold and label threshold).  
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