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 بسم اهللا الرحمن الرحیم

  لَقالَِّذي خ بِّكِم رأْ ِباسلٍَق  اقْرع انَ ِمنسالِْإن لَقخ  مالْأَكْر كّبرأْ واقْر 

    علَّم الِْإنسانَ ما لَم يعلَم  الَِّذي علَّم ِبالْقَلَِم 

  صدق اهللا العظیم

 

 

 
“Read. Read in the name of thy Lord who created; [He] created the human being from 
blood clot. Read in the name of thy Lord who taught by pen: [He] taught the human 
being what he did not know.”  

-Al-Qur’an (96:1-5) 
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ABSTRACT 
 

To enhance the automatic text classification task, we propose a novel approach for 

treating the problem of inductive bias incurred by the centroid classifier assumption. This 

approach is a trainable classifier, which takes into account tfidf as a text feature. The 

main goal of the proposed approach is to take advantage of the most similar training 

errors in the classification model for successively updating that model based on a certain 

threshold. The proposed approach is practical and flexible to implement. The complete 

performance of the proposed approach is measured at several threshold values on the 

Reuters-21578 text categorization collection. Experimental results show that the proposed 

approach can improve the performance of the centroid classifier better than traditional 

approaches (traditional centroid classifier, support vector machines, decision trees, Bayes 

nets, and N Bayes) by 1, 1.2, 4.1, 7.5, and 11%, respectively.  

Moreover, we present a new hybrid Center Profile Vector (CPV) classification 

model based on the modified N-gram and centroid classifier models. The hybrid model 

exploits a new approach to calculate the term weight based on tfsc,dfsc in order to sort the 

terms in the model profile. Moreover, we present a new distance similarity method for the 

N-gram model that solves the problem of the difference in representation lengths among 

classes and documents. The hybrid (CPV) classification model provides promising 

classification rate compared with some other models such as N-gram Model, Centroid 

Classifier, Naive Bays and Support Vector Machine. 
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CHAPTER 1 

 

INTRODUCTION 
 

Automatic Text Classification is very important task for the management information 

applications by assignment of automatic texts to one or more predefined categories, it 

could be used for a lot of management information applications such as an indexing 

mechanism for text retrieval and a component of an information filtering system. By 90s, 

the machine learning technique has been used to build the automatic text classifier by 

using the training set of document, this type of classifier has gained a high popularity due 

to its advantages. To build the classifier model, traditional methods used set of pre-

classified document from training set of document to train the classifier model to be 

ready to classify any document. In the last few years the machine learning techniques has 

led to enhance the performance of classifier model by saving the time and straightforward 

portability to different domains. 

Considerable research has gone into text classification, using many approaches, 

such as the nearest neighbor method [8, 9] and the Rocchio classifiers model [10, 11] 

which classifies full-text news stories and reaches high recall with moderated precision, 

without requiring manual definitions of the various topics. Other algorithms, such as 

decision tree models [12], focus on automatic text categorization and developing 

predictive capabilities, e.g. 
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The size of nowadays text collections usually exceeds the size of the datasets that 

current software handles properly [35-37]. Therefore, data pre-processing is one of the 

most critical steps in text classification techniques, performed to ensure good quality data 

for classification. 

Feature selection has been studied in the text categorization literature [38, 39]. 

Feature selection is used to reduce dimensionality.  

 

1.1 Automatic Text Classification 

Text classification is the process of automatically classify texts that provides useful 

information for the user. Document classification/categorization is a problem that assigns 

an electronic document to one or more class depends on its contents. Document 

classification tasks are divided into two groups: the first group is called supervised 

document classification that use human feedback to provide information on the correct 

classification for documents; the other group is called unsupervised document 

classification, where the classification must be done entirely without reference to human 

feedback. Moreover, there is also a semi-supervised document classification, where parts 

of the documents are labeled by the external mechanism.  

 

1.2 Motivation 

Nowadays, many documents are processed automatically by a computer. With the growth 

of the Internet, the number of the online documents has become huge [1]. Therefore, 

development of automated text classification systems has become a serious and important 
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issue in organizing these documents [2]. A number of techniques for text classification 

have been viewed as supervised learning, ranging from those situations where the target 

has predefined class labels to unlabeled documents where organization is based on 

similarity deduction from the training set of labeled documents [3-7]. Considerable 

research has gone into text classification, using many approaches, such as the nearest 

neighbor method [8,9] and the Rocchio classifiers model [10, 11] which classifies full-

text news stories and reaches high recall with moderated precision, without requiring 

manual definitions of the various topics. Other algorithms, such as decision tree models 

[12], focus on automatic text categorization and developing predictive capabilities, e.g. 

Bayesian probabilistic algorithms [13, 14]. This approach examines inductive learning to 

classify natural language texts into predecessor content categories and the support vector 

machines (SVMs) method [15, 16]. It consists of a set of related supervised learning 

methods that analyze data and arrange patterns for classification. However, all these 

approaches involve large computations in both learning and testing processing; this is 

very expensive, as most of these algorithms use complicated processes. 

 

1.3 Problem Description 

A centroid-based approach is a linear model in text classification that is a more practical 

and efficient approach than previous approaches because it involves smaller 

computations than the earlier approaches in terms of both learning and testing processing 

[17]. Many centroid-based methods [18, 19] have been used in text classification 

applications [20-22]. However, these methods often suffer from inductive bias or model 

misfit [23] incurred by their assumption. This assumption is often violated when existing 
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documents from a certain class share more similarity with the centroid of other classes 

than of its own class [34] The most difficult problem regarding model misfit is the poor 

classification performance [9, 44 and 32]. A weight adjustment technique for the centroid 

classifier was proposed by Shankar and Karypis [46]. This approach gradually adjusts the 

weights of all features concurrently, using the discriminating power of each term. This 

technique assumes that terms with higher discrimination will be more important in 

classification than terms with lower discrimination. The choice of the best set of 

parameters for the centroid model can be found using empirical experimentation; an 

approach to avoid misfits is required. Some researchers have investigated the 

development of methods (such as Drag Pushing [32]) to improve the centroid classifier. 

Moreover, there are some drawbacks of the classic tfidf term weighting scheme for 

the text classification task. In the training vector space, to compute the weight of a certain 

term, the category information is constantly omitted by the document-indexing-based 

tfidf term weighting method. In contrast, the inverse document frequency (idf) function 

provides the lowest score of those terms that appear in multiple documents; because of 

this, the tfidf score gives positive discrimination to rare terms and is biased against 

frequent terms. At present, because tfidf uses a default term weighting parameter in the 

classification task, a variety of feature selection techniques, such as information gain [45], 

chi-square test, and document frequency [39], have been used to reduce the dimension of 

the vectors. Therefore, a novel term weighting method is needed to overcome the 

problem of high dimensionality and for the effective indexing based on class to enhance 

the classification task. 
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1.4 Contribution 

In order to solve this problem, we propose an approach that takes advantage of the most 

similar training errors in the classification model to successively update it at a certain 

threshold. The proposed approach moves the centroid of each class by a certain distance, 

based on the misclassified documents of each class that have maximum similarities with 

the particular class. Considering only training errors that have maximum similarities with 

the particular class increases the accuracy of classification. The experimental results 

using Reuters-21578 text categorization collection indicate that the proposed approach 

can improve the performance of the centroid classifier more than traditional approaches 

(traditional centroid classifier, SVMs, decision trees, Bayes nets and N Bayes) by 1, 1.2, 

4.1, 7.5, and 11%, respectively [47]. 

Many of the previously mentioned approaches are based on traditional models and 

tfidf to weigh a term in the document. In this work, a new term weight called “tfsc,dfsc” is 

developed. This term weight is based on term frequency in the class, document frequency 

in the class, term distribution in the class, document distribution in the class, term 

frequency in other classes, document frequency in other classes, term distribution in other 

classes and document distribution in other classes. A combination of “tfidf”, “tfsc,dfsc” 

besides the term it self are exploited to create the hybrid model based on the modified N-

gram and centroid classifier models. The results of the proposed approach are promising. 

A new distance similarity measure is applied for the modified N-gram model to 

calculate the distance similarity. This new distance similarity measure solves the problem 

of difference of the profile lengths among the classes and between the document and the 
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class. The new distance formula helps the model to classify the documents accurately. 

Empirically, the longest class profile contains 4451 words, and the shortest class profile 

contains 2714 words. That means there is high difference among classes. In this case, the 

Manhattan distance will be (4451-2714=1737), which has bad effect on the classification 

task. However, when we use the new distance formula, the highest length difference will 

be (log 4451-log 2714 = 0.215). Therefore, the new distance measure will have a good 

effect on the performance of the modified N-gram. Taking the modulus of log (c/d) 

makes the distance value ranges from 0 to 3.7, which solves the problem of the 

distinction between the query document profile length and the class profile length [48,49]. 

Moreover, we proposed a novel hybrid CVP classification model. The proposed 

CPV model will gain the benefits of the centroid model and the modified N-gram model 

to achieve high classification rate as will be shown in the experimental result. Moreover, 

the proposed approach uses two weighting approaches at the same time, which makes the 

proposed PCV model able to gain the benefits of two weighting approaches 

simultaneously. 

 

1.5 Prerequisite Concepts 

 

1.5.1 Machine Learning Techniques 

Machine learning is a broad subfield of artificial intelligence, which is concerned with the 

design and development of algorithms and techniques that allows computer to learn. The 

major focus of machine learning research is to extract information from data 
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automatically, by computational and statistical methods (Croft and Harper [50], 

Fukumoto, [51]; Vapnik, [52]; Yang and Pedersen, [53]; Yang, [54]; Friedman [55]; 

Yang, [56]; [13]).  

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1.1 Trained Model 

 

Our data corpus 
Reuters-21578 

Training set of 
documents 

Per-processing step 

Remove stop 
words 

Stemming 

Feature vector  

Training model 
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1

This technique is based on a set of document and their predefined categories. The 

process is then modeled as a classification problem where documents are categorized as a 

set of predefined categories, based on feature selection method. The classification 

probabilities arise statistically from the training data, using Baye’s [4] formula:  

     
 n

nnn
nn FFP

CCPCCFFP
FFCCP

,...,
,...,,...,,...,

,...,,...,
1

111
11 

                   (1.1) 

Where, {C1,…,Cn} means n classes, as well as{F1,…,Fn} means n feature sequence.  

The probability            can be estimated as   

Fig. 1.1 trained our model by using Reuters-21578 collection. In Fig. 1.1, the 

training set of documents is used as input data. Second making per-processing for these 

training documents by: removing stop words that will explain in section 1.5.2.1 and 

stemmed words that will describe in section 1.5.2.2. Third the feature vector for the 

training documents prepared. Finally our model is trained by feature vector for the 

training documents to construct a prototype vector, or centroid, per class which will 

investigate in details in chapter 2. 

 

1.5.2 Text preparation  

The first step in text categorization is to transform documents, which typically are strings 

of characters, into a representation suitable for the learning algorithm and the 

classification task. The text transformation usually is as the following three kinds: 
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  Remove HTML (or other) tags 

  Remove stop words 

  Perform word stemming 

 

1.5.2.1 Stop-Word Elimination 

In this subsection we will explain in detail how we can eliminate the un-useful words. 

Among many words, some words are too frequent to work as a useful feature. For 

example, the verbs “be” and “has” can be seen in almost any documents. Such words are 

called stop-words and often removed from the feature set. One problem in stop -word 

elimination is that a word can be a stop-word for a data set, but can be a useful feature for 

another data set. 

The stop words are frequent words that have little meaning and information (i.e. 

pronouns, prepositions, conjunctions etc). 

 

1.5.2.2 Stemming 

By word stemming we mean the process of suffix removal to generate word stems. This 

is done to group words that have the same conceptual meaning, such as walk, walker, 

Walked, and walking. The Porter stemmer [57, 58 and 60] is a well-known algorithm for 

this task. Stemming is the process for reducing inflected words of their stem, base or root 

form, generally a written word form. Stemming is widely using in search engine [59] 

technology for query expansion [61] and Natural Language Processing [62, 63 and 43]. 

For text classification, in our experiment we used Porter stemming algorithm.  
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This stemming process make the data corpus more effective to further use for 

identify word frequency count and tagging documents either it's overlap or non overlap 

word. The most beneficial factor for using stemming algorithm is that, as stemming 

algorithm can addresses base or root form so it can keep avoid to count a certain root 

word from multiple times. So it may increase the data corpus accuracy.  

 

1.5.3 Evaluation 

An important issue of text categorization is how to measure the performance of the 

classifiers. Many measures have been used, each of which has been designed to evaluate 

some aspect of the categorization performance of a system. In this chapter we describe 

some of the measures that have been reported in the literature, section 1.5.3.1 treats the 

multiple binary classification tasks, while section 1.5.3.2 describes measures that have 

been used for evaluating the performance of the multi-class methods. 

 

1.5.3.1 Multiple Binary Classification Tasks 

A common approach for multi-class categorization [12] is to break the task into disjoint 

binary categorization problems. For each category and each document one determines 

whether the document belongs to the category or not. When evaluating the performance 

of the classifiers, four quantities are of interest for each category: 

 
 a  - the number of documents correctly assigned to this category, 

 b  - the number of documents incorrectly assigned to this category, 
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 c  - the number of documents incorrectly rejected from this category, 

 d  - the number of documents correctly rejected from this category. 

From these quantities, we define the following performance measures called Recall and 

Precision [57]: 

Recall = 
ca

a


     (1.2) 

Precision = 
ba

a


         (1.3) 

Fallout = 
db

b


     (1.4) 

Accuracy = 
dcba

da


     (1.5) 

Error = 
dcba

cb


           (1.6) 

 

Micro- and macro-averaging: For evaluating performance average across 

categories, there are two conventional methods, namely macro-averaging and micro-

averaging [64]. Macro- averaged performance scores are determined by first computing 

the performance measures per category and then averaging these to compute the global 

means. Micro-average performance scores are determined by first computing the totals of 

cba ,, and d for all categories and then use these totals to compute the performance 

measures. There is an important distinction between the two types of averaging. Micro-

averaging gives equal weight to every document, while macro-averaging gives equal 

weight to each category. 
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F-measure Another evaluation criterion that combines recall and precision is the F-

measure: 

 
recallprecision

recallprecision



 2

2 1


F
    (1.7) 

where   is a parameter allowing different weighting of recall and precision. 

 

Interpolation   For some methods, the category assignments are made by threshold a 

confidence value. For instance the Bayes classifier computes the probability that a 

document is in the current category, and one has to decide how large this probability must 

be (specified by a threshold) for the document to be assigned to the category. By 

adjusting this threshold, one can achieve different levels of recall and precision. In the 

results for different thresholds are combined using interpolations.  

 

1.5.3.2 Multi-class and Multi-label Classification 

To measure the performance of a classifier that produces a ranked list of categories for 

each test document, with a confidence score for each candidate, an approach called 

interpolated. 11-point average precision may be used. In this approach the recall for one 

specific document is defined to be: 

Recall = 
categories  trueofnumber  Total

correct are that found categories ofNumber 
  (1.8) 
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For each of 11 values 0.0,…., 1.0 of this fraction, the system decides how far down 

the ranked list one has to go ( i.e. the size of the numerator ) to achieve the specified 

recall. 

The precision is then computed for this number of categories by: 
 

Precision =
found categories ofnumber  Total

correct are that found categories ofNumber 
  (1.9) 

 
The resulting 11 precision values are averaged to obtain a single number-measure of 

performance for the document. For a test set of documents, the average precision values 

of individual documents are further averaged to obtain a global measure of system 

performance over the entire set. 

 

1.6 Outline 

This thesis presents research on Automatic Classifiers Techniques based on text 

classification a new approaches is an important addition to the field of classification to 

meet an increasing of online information demand. The thesis is divided into 5 chapters: 

chapter 1 gives the introduction, of text classification system and explains the automatic 

text classification, motivation, problem description, contribution, prerequisite concepts, 

classification evaluation and outline of the thesis. Chapter 2 gives an overview of text 

pre-process algorithms to build for training and testing data and describes different 

methods and algorithms for trainable classifier. Chapter 3 deals with a concrete idea and 

proposed methods, algorithms and models for automatic text classification using Centroid 

Classifier and n-gram. Chapter 4 looks the experimental results on different text features 



 14 
 

and the result to compare with the baseline method to the proposed methods. Finally, 

Chapter 5 focuses on conclusion and future work. 
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CHAPTER 2 

 

TRADITIONAL CLASSIFIERS 
 

This chapter describes the traditional classification models which are centroid classifier 

model and N-gram model based on word. Moreover, the end of this section shows the 

applying of weighting method. 

 

2.1 Centroid Classifier Model 

Let’s take a set of classes K = {k1, k2, … km} and the training data set of documents D = 

{d1, d2,… dS} where the training document di should be assigned to one class, by using 

this given information, classifier can find one suitable class for a new document. Vector 

space model represents documents and classes as vectors based on the tfidf weight of 

each term in the document or class. In centroid classifier, documents and classes are 

represented by using vector space model (VSM) which considers each document and 

class as a vector in the term-space. We may exploit centroid in three forms. The first one 

is to create the centroid of the class by summing all the term values in the document 

vectors that are related to one class as in formula 1. This form is called traditional 

centroid. The second one is to create the centroid of the class by taking the average of 

summing all term values in the document vectors of the class divided by number of the 

documents in the class as in formula 2. This form is called average centroid. The third 

one is to create the centroid of the class by taking the normalized value of summing all 
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term values in the document vectors of the class as in formula 3, This form is called 

normalized centroid. The three types of centroid classifier are established by using the 

following equations: 

Traditional Centroid Classifier 





kCd

k dC        (2.1) 

 
Where Ck is the traditional centroid vector of class Ck and            is summation of 

all training document vectors d in class Ck. 

Average Centroid Classifier 

 









 

 kCdk
k d

dn
AC 1

     (2.2) 

 
Where ACk is the Average centroid vector of class Ck, dnk is number of documents 

in class Ck. 

Normalized Centroid Classifier 

2k

k
k C

CNC       (2.3) 

 

Where NCk is the normalized centroid vector of class Ck and ||Ck||2 denotes the 2-

norm of vector Ck [13]. 

 

 


 kCd

d
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2.1.1 Similarity Measurement 

After creating a centroid for each class, the query documents can be classified based on 

the similarity measure. In centroid classifier similarity can be calculated by applying dot 

product between query document vector and class centroid vector. Therefore, the query 

document is classified as a certain class if the centroid vector of this class is the most 

similar to the query document vector according to the following formula: 

 

ntCncntCncm cdcdsimc .maxarg),(maxarg


     (2.4) 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 2.1   Outlines of Traditional Centriod Classifier System 
 
 
 

2.1.2 Centroid Classifier System Outline  

Figure 2.1 shows the outline of the traditional approach. From Fig. 2.1, it is clear that the 

following steps were investigated with two processing, A and B: 

Classified 
Document 

Similarity 
Measure 

 

Feature 
Vector 

Pre-
processing 

Processing 
Document 

Training 
Document

Pre-
processing 

Feature 
Vector 
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Processing A: Training Centroid Classifier 

Training Documents:  

Prepare the training documents from the corpus. 

Preprocessing:  

The Stop Word List 1’ at (http://www.lextek.com/manuals/onix/stopwords1.html) has 

been used as the stop words. Light stemmer has been used. After removal of the stop 

word, all stemmed words have been exploited to create tfidf feature parameter vectors in 

the experiments. 

Feature Vector:  

Create the document vectors using tfidf. 

Training Model:  

The formatted input file, as well as the prototype vector or centroid for each class, was 

created based on (2.3); model is ready to classify any document, as shown in Fig. 2.1. 

Processing B: Testing Centroid Classifier 

Testing Documents:  

Prepare the testing documents from the corpus. 

Preprocessing:  

Remove stop words and extract the stemmed word as in the preprocessing of training step. 

Feature Vector:  

Create the document feature vectors using tfidf as in the training step. 
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Similarity Measure:  

In this step, the similarity between the testing documents vectors and the centroid vector 

for each class is evaluated by using the inner product between the class vector and the 

query vector. 

Classified Document:  

The system-classified documents assigned to the class ci whose class prototype vector is 

the similar to that of the document described by formula (2.4). 

 

2.1.3 Traditional Centroid Classifier Problem 

In centroid classifier, it is supposed that a given document should be assigned to a 

particular class if the similarity between this document and that centroid is the largest. 

Nevertheless, this supposition is often violated when documents from a certain class 

sharing more similarities with the centroids of other classes. 

 

Fig. 2.2 shows two classes of text data: Class A spreads in a triangle shape; Class B 

spreads in a circle shape. Obviously, the examples (d1a to d3a) are correctly classified as 

category A since they share more similarities with centroid A rather than with centroid B. 

However, d4a to d10a will be misclassified into class B since they share more similarities 

with centroid B than with centroid A. Adding the training errors (d4a to d10a) to centroid 

A to adjust its prototype vector will move centroid A toward centroid B by a large 

distance. This process will move centroids A and B closer to each other, which will 

definitely result in deterioration of the total system performance. Moreover, adding the 
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training errors (d4a to d10a) to centroid A and subtracting them from centroid B will 

result in deterioration of the total system performance as well. Unfortunately, as shown in 

the examples of Fig. 2.2, centroid A will move toward the original documents of class B, 

while centroid B will move away from its original document; these results in some of the 

class B original documents being misclassified into class A. The same problem occurs for 

class B documents that share more similarity with centroid A than with centroid B.  The 

proposed method will solve this problem using a modified centroid. 

 

 

 

 

 

 

 

 

 

 

 
Fig.2.2  A Two Class Text Data Distribution 
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2.2 N-gram Word Based- Model 

In N-gram word based- model, the class ck is represented as a class profile k. The class 

profile k contains all the words inside all the training documents which are related to 

class Ck. The words inside the class profile are sorted according to the highest tfidf score. 

Likewise, the query document d is represented as a query profile d. This query profile d 

presents all the words in the query document sorted based on the highest tfidf score [7] 

 

 

 

 

 

 

 
Fig. 2.3 N-gram Classes and Documents Representation  

 

In N-gram model the similarity will be computed by measuring the distance 

between the representations of query document profile d and each class profile k. For 

each word in a query document profile, we find its counterpart in the class profile and 

compute the number of places its location differs. Based on Fig. 2.3 the distance 

similarity between the query document and the class will be as follows: in query profile 

the word [New] is ranked as 1, the same word in the class profile is ranked as 6, the 

distance will be |1-6| = 5, but for the word [Bank] in the query profile, it has no 

counterpart in the class profile. Therefore, the distance is 7, the maximum distance {the 

Query profile 
sorted by tfidf  

1- New  
2- Bank 
3- Book 
4- Add 
5- Go 

Class profile 
sorted by tfidf 

 
1- Go  
2- Goal 
3- Win 
4- Man 
5- Ball 
6- New 
7- Book 
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total number of the terms inside the class profile}. Similarly, the similarity distance of the 

word [Book] = |3-7| = 4, the distance similarity of the word [Add] = 7 and the similarity 

distance of the word [Go] = |5-1| = 4. The total distance (d,c) = 5+7+4+7+4 = 27. The 

query document is classified as the class profile which has minimum difference with the 

query profile, according to (Manhattan distance) as in the following formula:  

 

)(minarg),(minarg cdcddisc
CcCci 


  (2.5) 

 
  

2.3 Naive Bayes 

The naive Bayes classifier is constructed by using the training data to estimate the 

probability of each class given the document feature values of a new instance. We use 

Bayes theorem to estimate the probabilities as follows: 

 

   (2.6) 
 

The denominator in the above equation does not differ between categories and can be left 

Out. Moreover, the naive part of such a model is the assumption of word independence, 

i.e. we assume that the features are conditionally independent, given the class variable. 

This simplifies the computations yielding: 

(2.7) 

 
An estimate     for        can be calculated from the fraction of training documents that 

is assigned to class
jc  as: 

   (2.8) 
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Moreover, an estimate    for    is given by: 

   (2.9) 
 

where 
ijN  is the number of times word i  occurred within documents from class

jc  in the 

training set. 

Despite the fact that the assumption of conditional independence is generally not 

true for word appearance in documents, the Naive Bayes classifier is surprisingly 

effective. 

 

2.4 K-nearest Neighbour 

To classify an unknown document vectord , the k-nearest neighbour (kNN) algorithm 

ranks the documents neighbours among the training document vectors, and use the class 

labels of the k most similar neighbours to predict the class of the input document. The 

classes of these neighbours are weighted using the similarity of each neighbour to d , 

where similarity may be measured by Euclidean distance or the cosine between the two 

document vectors. 

kNN is a lazy learning instance-based method that does not have a offline training 

phase. The main computation is the on-line scoring of training documents given a test 

document in order to find the k nearest neighbours. Using an inverted-file indexing of 
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training documents, the time complexity is  MNLO /  where L  is the number of 

elements of the document vector that are greater than zero, M is the length of the 

document vector, and N  is the number of training samples. 

 

2.5 Support Vector Machines 

Support Vector Machines (SVMs) have shown to yield good generalization performance 

on a wide variety of classification problems, most recently text categorization. The SVM 

integrates dimension reduction and classification. It is only applicable for binary 

classification tasks, meaning that, using this method text categorization have to be treated 

as a series of dichotomous classification problems. 

The SVM classifies a vector d  to either -1 or 1 using 

 

    bddKybdWs
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i
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And 
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1 0            (2.11) 

 

Here  N
iid 1

 is the set of training vectors as before and  N
iiy 1

 are the corresponding 

classes    jii ddKy ,.1,1  that denoted a kernel and is often chosen as a polynom of 

degreed , i.e. 

   di
T

i ddddK 1,         (2.12) 
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The training of the SVM consists of determining the W that maximizes the 

distance between the training samples from the two classes. In the following sub-sections 

we will describe these achievements. 

 

2.5.1 Training the SVM: the separable case 

First, consider the case for which the data is linearly separable. That means that there 

exists a vector W and a scalar b such that: 

  1 bdW i
T    if  1iy         (2.13) 

  1 bdW i
T    if  1iy            (2.14) 

 

for all  N
iid 1

 The SVM constructs a hyper plane   bdW T   for which the separation 

between the two classes is maximized. The W for the optimal hyper-plane can be found 

by minimizing 

2W           (2.15) 

 
The optimal W can be written as a linear combination of  d ’s, i.e., 

 

 


N

i
iii dy

1


         (2.16) 

 
where  N

ii 1   can by found by maximizing: 

 

 QTT

2
11           (2.17) 

 
with respect to  , under the constraints 
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0    and   0 YT    (2.18) 

Here  NyyY ,....,1 and Q  is a symmetric matrix with elements 

     j
T

ijijijiij ddyyddKyyQ  ,       (2.19) 

 
Only the

i ’s corresponding to the training examples along the margins of the decision 

boundary (i.e. the support vectors) are greater than zero. 

 

2.5.2 Training the SVM: the non-separable case 

In the non-separable case, equation (3.14) is altered to: 





N

i
iCW

1

2

2
1      (2.20) 

 
 
 
where 

i  satisfy the constraints: 

  ii
T bdW   1    if  1iy            (2.21) 

  ii
T bdW   1    if  1iy      (2.22) 

 

The user-defined parameter C  balances the contributions from the first and second terms. 

Minimization of Equation (3.19) can be achieved by maximizing Equation (3.16) under 

the constraints 

10 C     and     0 YT        (2.23) 
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2.5.3 Ability to Incorporate New Documents 
 

The optimization problem described above is very challenging when the data set is large, 

as the memory requirement grows with the square of the size of the data set. The 

computational and storage complexities can be reduced by dividing the training set into a 

number of chunks and extracting support vectors from each set. The support vectors can 

later be combined together. 

The same procedure can be used for incorporating new documents into the 

existing set of support vectors. It can be shown that the final solution is as good as if all 

documents were processed together. 

 

2.6 Term Weighting Method  

The most famous weighting algorithm tfidf is exploited in our experimentation to 

establish the term weighting. The tfidf is calculated according to the following formula: 




n mn

mr
mr t

t
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,

,
,      (2.24) 

 
Where tr,m is time of occurrences of term tr in document dm, and the denominator is 

the sum of number of occurrences of all terms in document dm.  

 

r
r d

D
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Where |D| is the total number of documents in the corpus and |dr| is the number of 

documents that contain term tr.  

 

rmrmr idftftfidf  ,,     (2.26) 
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CHAPTER 3 

 

PROPOSED AUTOMATIC CLASSIFIERS 

TECHNIQUES 

 

3.1 Modified Centroid Classifier  

This section describes the building process of the modified centroid classifier and the 

outlines of the modified model. Then we explain the proposed idea of the modified 

centroid classifier and introduce the proposed formula.  

In the centroid classifier, it is supposed that a given document is assigned to a 

particular class if the similarity between the document and the centroid is the largest. 

Nevertheless, the supposition is often violated when assigning documents from a certain 

class that shares more similarities with the centroids of other classes. 

To overcome the drawback of the traditional centroid classifier methods, we 

propose a modified centroid classifier model. The proposed model adds the most 

common training errors in a certain class to its centroid to update it discards the training 

errors that have few similarities with their class (by not including them while updating 

the centroid) based on a certain threshold value according to the following formula: 

&
_ mod

2
&

|| ||
i

i

d classi classified asothercategoriesand hassimilaritywithC threshold
i ified i

d classi classified asothercategoriesand hassimilaritywithC threshold

d
C C

d
 

 

 


   (3.1) 
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where Ci is the normalized centroid calculated from formula (2.3). Based on 

formula (3.1), by picking out the misclassified documents by categorizing all training sets 

and appending the most similar misclassified training errors to their correct classes based 

on a certain threshold value, the corresponding centroid is updated. In the modified 

centroid classifier model, the most similar training errors belonging to a certain class are 

added to its centroid for updating, and the training errors that have low similarities with 

their class based on a threshold value according to formula (3.1) are discarded. Using 

formula (3.1) and (2.4) after substituting Ci with Ci_modified, this processing will 

enhance the performance of the entire system since the class centroid will move small 

distances to include some misclassified documents in addition to the original correctly 

classified ones. This leads to better results than found with traditional approaches.  

Example: 

Suppose we have the traditional centroid classifier with its drawbacks, as shown in Fig. 

3.1. To explain how our proposed approach addresses the drawbacks of the traditional 

model, let us consider (threshold a for class A) and (threshold b for class B) after we 

categorized all the training set of documents. The system then picked out all the 

misclassified documents between the centroid class A and the threshold a  (such as d1a, 

d2a, d3a, d4a), which were classified to other classes than class A, then, appended these 

misclassified documents to the centroid class A and updated it as (updated centroid class 

A). Therefore, the modified centroid will move a small distances to include those 

misclassified documents (d1a, d2a, d3a, d4a), which will be correctly classified 

documents. Similarly, we updated the centroid of class B by adding the misclassified 

documents between the centroid class B and threshold b (such as d1b, d2b) to update the 
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centroid of the class, which is called the updated centroid classifier of class B, which 

gains the documents related to class B.  This approach could convert some of the 

misclassified documents to correctly- classified documents. This supposition resulted in 

improving the automatic text classification system performance with high accuracy.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1.1Modified centroid classifier system outline 

Figure 3.2 shows the outline of the new approach. From Fig. 3.2, it is clear that the 

following steps were carried out with the two main processing methods A and B. In 
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processing A, compared with the traditional centroid classifier method, the ‘training 

model’ step is updated with three more new steps, as follows: 

 

 

 

 

 

 

 

 

Fig. 3.2 Outlines of the Modified Centriod Classifier System 

 

Processing A: Training the Modifier Classifier 

Training Documents, PreProcessing, and Feature Vector are as in traditional method. 

Similarity Measure  

The prototype vector or centroid for each class was created based on formula (2.3). The 

proposed training system started from this processing. The similarity between the training 

document vectors and the centroid vector for each class is evaluated by using the dot 

product between the class vector and the query vector. 
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Classified Document  

The system classified the training set of documents that were assigned to the class ci 

whose class prototype vector is the most similar to that document described by formula 

(2.4). This means the accuracy rate should be 100%; however, it is not, so there are some 

misclassified documents. This is called training error. 

Ci + Error:  

This adds the most similar training errors belonging to a certain class to its centroid and 

discards the training errors that have low similarities with their class, based on a certain 

threshold value of 0.2 (after trial and error), according to formula (3.1) in order to get the 

trained modified centroid classifier. 

Processing B: Testing the Modified Classifier 

This processing is exactly the same as the processing B procedure in the traditional 

method except that it replaces the traditional centroid vector with the modified centroid 

vector for the new approach in order to produce the similarity between the query 

document vectors and the modified centroid vectors. 

Using the new modification, the proposed method could solve the problem of the 

traditional centroid classifier and represent a more correct classification of the documents. 

3.2 A New Term Weight 

A new term weight is developed and used to enhance the N-gram word based model. The 

enhanced N-gram word based model and the centroid classifier model are merged 

together to construct a hybrid mode for document classification task. 
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There is useful information for the classification task in the training data set. This 

information can be used to decide the importance of the term for the classes. To use the 

powerful of this information we first need to specify the information as follows: 

1- Term frequency in the class.  

2- Frequency of documents which contain the term in the class. 

3- Term distribution in the class. 

4- Distribution of the documents which contain the term in the class. 

5- Term frequency in other classes. 

6- Frequency of documents which contain the term in other classes. 

7- Term distribution in other classes. 

8- Distribution of the documents which contain the term in other classes. 

Eight formulas are established to extract all the needed information from the 

training data set. The eight formulas are calculated as follows: 

1- Term frequency in the class 
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Where        is frequency of term ti in class ck,           is the time of occurrence of term 

ti in class ck and           is summation of occurrence of all terms in class ck. 
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Formula 3.2 provides a direct relationship between the importance of the term in the 

class and its frequency. This means that the term ti is important for the class ck when the 

term ti has a high frequency in the class ck. 

2- Document frequency in the class 

 

k
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ki d

d
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,       (3.3) 

Where          is frequency of the documents which contain term ti in class ck, di,k is 

the number of the documents which contain term ti in class ck and dk is the total number 

of documents in class ck. 

Formula 3.3 provides a direct relationship between the importance of the term in the 

class and the frequency of the documents which contain this term. The importance of the 

term in a certain class increases as the frequency of documents which contain this term in 

this class increases. 

3- Term distribution in the class 
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Where TSi,k is distribution of term ti in class ck, and         is summation of 

occurrence of term ti in all classes c. 

The term which has a high distribution value is an important term for the class. 

Based on this, formula 3.4 provides a direct relationship between the importance of the 

term in the class and its distribution. 

kiDF ,
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4- Document distribution in the class 

 

ci

ki
ki d

d
DS

,

,
,        (3.5) 

Where DSi,k is distribution of the documents which contain term ti in class ck, and     

is total number of the documents in all classes c which contain term ti. 

Achieving a high distribution value for the documents which contain term ti in the 

class ck makes term ti an important term for class ck. Therefore formula 3.5 provides a 

direct relationship between the importance of the term and distribution of the documents 

which contain this term. 

5- Term frequency in other classes 
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Where             is frequency of term ti in all classes c* except class ck,           is sum 

of occurrence of term ti in all classes c* except class ck,                is sum of occurrence of 

all terms in all classes c* which contain term ti except class ck and nc is number of classes 

which contain term ti except class ck. 

If the frequencies of the term in other classes have a high value, then the importance 

of the term for the class decreases. Formula 3.6 provides an inverse relationship between 

the importance of the term for a certain class and its frequency in other classes. 
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6- Document frequency in other classes 
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Where           is frequency of documents which contain term  ti  in all classes  c*  

except class ck,           is the number of documents which contain term  ti  in all classes  c*  

except class  ck , and         is total number of the documents in all classes c* except class 

ck. 

The importance of the term for the class is decreased when the frequencies of the 

documents which contain the term in other classes increase. Formula 3.7 provides an 

inverse relationship between the importance of the term for a certain class and the 

frequency of documents which contain this term in all classes c* except class ck. 

7- Term distribution in other classes. 
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      (3.8) 

 
Where TS*

i,c* is distribution of term ti in all classes c* except class ck, and            is 

sum of occurrence of term ti in all classes c. Formula 3.8 provides an inverse relationship 

between the importance of the term for a certain class and the distribution of it in all 

classes c* except class ck 

8- Document distribution in other classes. 
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Where DS*

i,c* is distribution of documents which contain term ti in all classes c* 

except class ck, and          is total number of documents which contain term ti in all classes 

c. Formula 3.9 provides an inverse relationship between the importance of the term for a 

certain class and the document distribution in other classes. 

The previous eight formulas specify the important terms for each class. Let’s find 

the relationship between the term priority (important) and each value. It is clear that the 

first four formulas have positive relationship (positive correlation) with the term priority 

(important). The importance of the term for a certain class increases as the frequency of 

the term in the class increases. When the number of the documents that contain a certain 

term in a certain class increases, the distribution of the term in a certain class increases, 

the distribution of the documents in a certain class increases and the importance of the 

term increases. 

AS for the last four formulas, they have inverse relationship with the term priority 

(important). The importance of the term for a certain class increases when the frequency 

of the term in other classes decreases, the number of the documents which contain the 

term in other classes decreases, the distribution of the term in other classes decreases and 

the distribution of documents in other classes decreases. 

Based on the previous relations, we may merge all the previous formulas in one 

equation. The proposed merging equation is as follows: 
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Where tfsc,dfsci,k is frequency and distribution of term ti in the class ck, frequency 

and distribution of the documents which contain term ti in the class ck. 

We exploit formula 3.10 to rank the terms in the class and document profiles. The 

coming experimentations show the effectiveness of the new term weight technique in 

classification performance. 

 
3.3 Enhancing N-gram Word Based Model 

The modified N-gram model uses equation 18 to rank the words or terms inside the class 

profile. Similarly the query document terms are ranked according to tfsc,dfsc score.  In 

the proposed enhanced N-gram model, each class has a different profile based on tfsc,dfsc. 

The test documents or query documents have different tfsc,dfsc based profiles. As 

mentioned before the distance similarity measure between each word in the query 

document profile and its counterpart in the class profile is calculated based on Manhattan 

distance in N-gram model.  

A new distance similarity measure is applied for the modified N-gram model to 

calculate the distance similarity. This new distance similarity measure solves the problem 

of the difference in profiles lengths among the classes and between the document and the 

class. The new distance similarity measure calculates the distance between the query 

document profile and the class profile, as follows:  

 


c

dccd )/log( ),(distance    (3.11) 

 
Where d is the sorted rank of the term ti in the query document profile d, and c is 

the sorted rank of the term ti in the class profile ck. 
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The new distance measure algorithm solves the problem of difference in profile 

lengths among the classes and between the document and the class. The new distance 

formula helps the model to classify the documents accurately. Empirically, the longest 

class profile contains 4451 words, and the shortest class profile contains 2714 words. 

That means there is high difference among classes. In this case, the Manhattan distance 

will be (4451-2714=1737), which has bad effect on the classification task. However, 

when we use the new distance formula, the highest length difference will be (log 4451-

log 2714 = 0.215). Therefore, the new distance measure will have a good effect on the 

performance of the modified N-gram. Taking the modulus of log (c/d) makes the distance 

value ranges from 0 to 3.7, which solves the problem of the distinction between the query 

document profile length and the class profile length. Therefore, formula 2.5 is modified 

as follows:  

 

),(distanceminarg cdc
Cci 

    (3.12) 

 

3.4 The Hybrid Model Based Center Profile Vector 

The new proposed Center Profile Vector (CPV) model based on modified N-gram and 

Centroid classifier models is exploited to represent the query documents and classes as 

profile vectors. The modified N-gram, Naive Bays, Support Vector Machine and 

Centroid classifier models are used as baseline methods. Any classification model has a 

training step and testing step. The training step and testing step of the CPV model are as 

follows: 
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3.4.1 The CPV Model Training Step 

Firstly, the center vector of the class is calculated as the same as the class prototype 

vector in the centroid model using formulas (2.1, 2.2 or 2.3) based on the tfidf. The CPV 

model is used to represent each class by the profile vector. This profile vector contains 

three values. The first value is the center vector of the class using formulas (2.1, 2.2 or 

2.3) based on the tfidf. The second value is the word itself. The third value is the sorting 

of the words ranked based on tfsc,dfsc value according to formula 3.10. Now the center 

profile vector represents the class by the previous three values, (the word or term, the tfidf 

of the term and the tfsc,dfsc value for term ranking). 

3.4.2 The CPV Model Testing Step 

As same as the class the testing document is represented by a profile contains three vector 

values, word itself, tfidf of word and the rank of term sorting based on tfsc,dfsc. In the 

new model the similarity measure is calculated as follows: 
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 (3.13) 

 

Where di,t is the tfidf of the term ti in the test document dt , ci,n is the tfidf of the term 

ti in class cn , csi,n is the rank of the term ti in class cn , dsi,t is the rank of the term ti in the 

test document dt , NCi is the total number of the classes which contain term ti , dct,n is the 

number of terms in the test document dt which have matching with class cn , and dnt is the 

total number of terms in the test document dt. 
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Using formula 3.13, the proposed CPV model will gain the benefits of the centroid 

model and the modified N-gram model to achieve high classification rate as will be 

shown in the experimental result.  
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CHAPTER 4 

 

EVALUATION AND EXPERIMENTAL 

RESULTS 

  

4.1 Modified Centroid Classifier  

In our study, the Reuters-21578 collection has been exploited as training and testing data. 

It is divided into 22 files; each of the first 21 files (reut2-000.sgm through reut2-020.sgm) 

contains 1000 documents, while the last (reut2-021.sgm) contains only 578 documents.  

This corpus was collected from Reuters in 1987 and has 21,578 newswire stories 

related to financial categories. These categories have been manually classified into 135 

different sub-categories with relationships to each other. The experimental design in this 

paper uses the subset of this corpus that consists of the ten most frequent categories, as 

cited in Table 2. Half of the documents in each class have been randomly selected as 

training data where the other half has been used as testing data. The description of the 

used data is as in Table 1: 

Table 1. The training and testing data 
 

 
 
 
 

 

Class # Documents Class # Documents 
earn 3964 trade 488 
acquisitions 1829 interest 478 
money-fx 717 ship 286 
grain 582 wheat 283 
crude 578 corn 238 
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Precision-recall and F-measure might be used as evaluation metrics. However, to 

achieve low misclassification rates and a high degree of separation between different 

classes on a test set, our experiment found that the accuracy performance of our approach 

is better than other traditional methods, as shown in Table 3 and Fig. 4.2. 

 

The accuracy is defined as follows: 

 

negativefalseofpositivesfalseofnegativetrueofpositivestrueof
negativetrueofpositivestrueofAccuracy

####
##





 

 

4.1.1 Centroid Classifier Accuracy 

We have utilized the traditional centroid classifier, as described in section 2.1, based on 

formula 2.3. Then, the testing documents are classified based on formula 2.4. Table 2 

shows the document classification accuracy associated with the traditional centroid 

classifier. From Table 2, the accuracy average of the traditional centroid classifier is 

91.5%. 

Table 2 Document Classification Accuracy using Traditional Centroid Classifier 
Category Acquisition Corn Crude Earn Grain 
Accuracy 98.5% 80.6% 81.1% 91.7% 46.6% 
Category Interest Money-fx Ship Trade Wheat 
Accuracy 88.3% 70.8% 78.4% 93.4% 89.0% 
Total Acquisition+Corn+Crude+Earn+Grain+Interest+Money-fx+Ship+Trade+Wheat 

Accuracy 91.5% 
 

4.1.2 Modified Centroid Classifier Accuracy 

To overcome the drawback of the previously mentioned approach, we exploit the 

modified centroid classifier model. In the proposed approach, the threshold value is 
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chosen based on many trials and errors, using the training set of documents with the 

following criteria: the suitable threshold is the value that guarantees the highest accuracy 

of performance.  Fig. 4.1 shows the change of accuracy with the threshold. From Fig. 4.1, 

after achieving the high experimental results of the modified centroid classifier (which 

gives better document classification accuracy), the chosen threshold value is 0.2.  
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Fig. 4.1 Changing accuracy with threshold values 

 
 

Table 3 shows the document classification accuracy when the system is using 

formula 3.1 with threshold value = 0.20. From Table 3, it is clear that the observation 

accuracy average using modified centroid classifier for all of the most 10 frequent 

categories is 92.5%. This experimental result demonstrates that the new approach is 

effective and practical for centroid classification. 

Table 3. Document Classification Accuracy Using Modified Centroid Classifier 
Category Acquisition Corn Crude Earn Grain 
Accuracy 95.5% 80.6% 84.0% 96.4% 46.7% 

Category Interest Money-fx Ship Trade Wheat 
Accuracy 87.9% 70.3% 77.6% 93.4% 89.0% 
Total Acquisition+Corn+Crude+Earn+Grain+Interest+Money-fx+Ship+Trade+Wheat 
Accuracy 92.5% 

 
 

The values of the total accuracies for 91.5% and 92.5% are calculated using the 

micro average of accuracy of the whole sample data. Table 4 shows the statistical 
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significance for the total performance of the Traditional Centroid Classifier and Modified 

Centroid Classifier. 

Table 4. Statistical Significance for Total Performance of Traditional Centroid 
Classifier and Modified Centroid  Classifier. 

The approach Total accuracy 95% Confidence Interval 

Classification Accuracy using 
Traditional Centroid 
Classifier 

91.5% 90.94%, 92.06% 

Classification Accuracy using 
Modified Centroid Classifier 

92.5% 91.97%, 93.03% 

 
 

4.2 Accuracy Comparison for Proposed and Traditional 
Approaches 

 

This section describes the previous work on text categorization where the Reuters-21578 

collection has been used to evaluate the methods. 

Traditional methods (Naïve Bayes, Bayes Nets, Decision Tree, and Support Vector 

Machine) were utilized by other researchers [44] using the ten most frequent categories 

from Reuters-21578 collection as training and testing data. Approximately 75% of this 

corpus is used to build classifiers and the remaining 25% are used as test data in regard to 

the accuracy of the resulting models in reproducing the manual category assignments. 

Our approach used 50% as training data and the other 50% as testing data, which 

establishes that our method is more practical than the traditional one. 

From Fig. 4.2, it is clear that the most accurate method is our proposed approach 

with an average of 92.5% for the 10 most frequent categories, which is higher by 1%, 

1.2%, 4.1%, 7.5% and 11% than the traditional centroid classifiers, Support Vector 

Machines, Decision Trees, Bayes Nets and N Bayes, respectively. 
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This means that our approach is superior to traditional approaches and enhances the 

automatic text classification system performance, resulting in the lower cost of time for 

training and testing processes because this model is a linear model. Moreover, the high 

classification rate is better than other models, especially with Reuters-21578 collection, 

which is a noisy corpus with overlapping categories.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 4.2 Comparison among Different Approaches based on Reuter-21578 Corpus 
 
 

4.3 The Hybrid Model and Modified N-gram Model 

This part of our study exploits the 20 Newsgroups collection as a data set for the 

experimentations. This corpus contains 18828 documents in 20 different categories which 

is available in [40]. Half of this corpus has been used for training and other half has been 

used for testing. The removing of stop words and stemming has been done for all the 
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documents in the corpus [41]. The F measure has been used to measure the proposed 

approach performance. F measure can be calculated as follows: 

recallprecision
recallprecision




)*(2measureF
   (4.1) 

Before applying formula 3.13, as baseline models, we have exploited Naive Bays 

(NB) [65] and Support Vector Machine (SVM) classifiers based on tfidf weighting 

approach. Moreover, we have exploited N-gram (traditional N-gram model with tfidf and 

Manhattan distance), DN-g (N-gram model with tfidf and new distance measure), TC 

(traditional centroid classifier), AC (average centroid classifier) and NC (normalized 

centroid classifier), as baseline models as well. Table 1 shows the F-measure for each 

class using traditional NB, SVM, N-gram, DN-g, TC, AC and NC classifiers. 

 

Table 5: F-measure for Each Class Using Traditional NB, SVM, N-gram, DN-g, TC, AC 
and NC Classifiers 

Class NB SVM N-gram DN-g TC AC NC 
C1 64.80% 60.95% 76.03% 76.32% 60.95% 66.02% 66.24% 
C2 49.03% 68.76% 61.30% 64.59% 68.76% 69.11% 70.57% 
C3 45.46% 60.75% 54.65% 60.52% 60.74% 60.79% 65.31% 
C4 48.13% 60.91% 62.48% 65.86% 60.91% 60.91% 63.02% 
C5 56.29% 71.14% 64.42% 75.55% 71.14% 71.00% 71.71% 
C6 54.61% 62.32% 68.86% 75.19% 62.32% 62.23% 68.84% 
C7 74.44% 87.49% 88.37% 89.44% 87.48% 88.08% 88.73% 
C8 78.66% 92.86% 90.01% 90.38% 92.85% 93.18% 93.16% 
C9 70.83% 85.48% 84.98% 84.71% 85.48% 85.51% 85.56% 

C10 51.01% 72.94% 71.83% 75.49% 72.93% 73.24% 74.71% 
C11 48.00% 20.85% 61.99% 57.91% 20.84% 50.90% 51.91% 
C12 49.90% 65.19% 71.30% 68.63% 65.18% 68.75% 60.23% 
C13 69.38% 90.29% 91.71% 91.52% 90.28% 89.27% 86.74% 
C14 63.04% 78.10% 79.96% 79.73% 78.10% 79.11% 79.10% 
C15 60.26% 69.90% 84.46% 81.98% 69.89% 78.70% 78.62% 
C16 66.29% 86.83% 84.96% 87.56% 86.82% 87.00% 87.02% 
C17 64.76% 85.80% 85.62% 87.38% 85.80% 86.67% 86.89% 
C18 51.09% 65.25% 68.51% 70.75% 65.24% 64.93% 67.91% 
C19 68.17% 86.33% 88.22% 84.57% 86.33% 87.08% 86.33% 
C20 80.83% 88.78% 92.09% 92.28% 88.78% 89.20% 90.49% 

Total 61.46% 75% 76.65% 78.63% 75% 76.3% 76.8% 
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Figure 4.3 shows the F-measure for each class using traditional NB, SVM, N-gram, 

DN-g, TC, AC and NC classifiers. It is clear from the table 5 and figure 6 that DN-g 

approach provides the best result over the rest of traditional approaches. The results of 

the N-gram model in table 5 are low. It might be because the class profiles have the 

smallest length. 

 

 
 
Fig. 4.3 the F-measure for each class using traditional NB, SVM, N-gram, DN-g, TC, AC 

and NC classifiers 
 

Rather than using formula 3.10, in order to investigate the effect of the four term 

weighting (
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DS ) on the total system performance, we have exploited 

SN-g (N-gram model with one of the previously mentioned four term weightings rather 

than tfsc,dfsc, and Manhattan distance), MN-g (modified N-gram with one of the 

previously mentioned four term weightings rather than tfsc,dfsc, and new distance 

measure), CPV&T (CPV model using class prototype vector of the traditional centroid 

classifier and one of the previously mentioned four term weightings rather than tfsc,dfsc), 
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CPV&A (CPV model using class prototype vector of the average centroid classifier and 

one of the previously mentioned four term weightings rather than tfsc,dfsc), and CPV&N 

(CPV model using class prototype vector of the normalized centroid classifier and one of 

the previously mentioned four term weightings rather than tfsc,dfsc).  

Tables 4.3,4.4,4.5 and 4.6 show the proposed approach performance in terms of F 

measure using the previously mentioned four term weightings rather than tfsc,dfsc based 

on SN-g (N-gram model with Manhattan distance), MN-g (modified N-gram with new 

distance measure), CPV&T (CPV model using class prototype vector of the traditional 

centroid classifier), CPV&A (CPV model using class prototype vector of the average 

centroid classifier), and CPV&N (CPV model using class prototype vector of the 

normalized centroid classifier). 

 
Table 6: F-measure for Each Class Using SN-g, MN-g, CPV&T, 

CPV&A and CPV&N Classifiers based on the term weighting
*

*,

,

ci

ki

TF
TF  

Class SN-g MN-g CPV&T CPV&A CPV&N 
C1 67.51% 77.96% 75.21% 75.89% 76.26% 
C2 52.68% 67.82% 74.79% 74.90% 74.77% 
C3 32.43% 62.79% 67.57% 67.63% 70.29% 
C4 56.84% 62.24% 66.73% 66.00% 67.78% 
C5 39.46% 61.25% 76.73% 76.51% 77.30% 
C6 62.08% 70.87% 73.01% 73.06% 74.26% 
C7 85.22% 89.40% 91.53% 91.89% 92.17% 
C8 78.93% 91.01% 93.81% 93.89% 93.66% 
C9 70.72% 86.14% 88.96% 89.18% 89.83% 
C10 64.28% 70.32% 73.72% 73.72% 73.23% 
C11 52.38% 59.82% 50.79% 59.27% 58.91% 
C12 39.59% 72.42% 72.56% 72.49% 68.34% 
C13 69.33% 92.04% 92.18% 91.24% 91.18% 
C14 70.73% 82.40% 82.13% 82.97% 82.85% 
C15 73.90% 83.98% 81.66% 83.81% 82.79% 
C16 48.40% 86.49% 88.82% 89.23% 89.23% 
C17 51.19% 81.72% 87.04% 87.50% 88.34% 
C18 49.29% 56.13% 73.52% 72.67% 72.99% 
C19 68.89% 88.70% 90.12% 90.71% 89.90% 
C20 86.35% 91.56% 93.92% 94.29% 94.93% 

Total 58.26% 76.47% 80.79% 81.04% 81.18% 
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Table 7: F-measure for Each Class Using SN-g, MN-g, CPV&T, 
CPV&A and CPV&N Classifiers based on the term weighting

*
*,

,

ci

ki

DF
DF  

Class SN-g MN-g CPV&T CPV&A CPV&N 
C1 67.88% 78.12% 75.30% 75.78% 76.27% 
C2 43.28% 65.49% 75.08% 75.18% 75.16% 
C3 30.94% 60.91% 67.19% 67.19% 70.17% 
C4 52.53% 60.28% 67.20% 66.60% 68.12% 
C5 34.23% 56.72% 77.71% 77.37% 78.40% 
C6 64.73% 70.60% 72.67% 72.83% 74.03% 
C7 84.78% 89.38% 91.62% 91.78% 92.61% 
C8 79.42% 91.43% 94.20% 94.28% 93.79% 
C9 69.85% 85.17% 89.61% 89.43% 89.51% 

C10 62.38% 72.06% 75.17% 75.03% 74.69% 
C11 51.69% 60.00% 50.99% 58.24% 59.89% 
C12 31.74% 72.61% 72.98% 72.59% 68.71% 
C13 64.67% 92.14% 92.09% 91.24% 91.26% 
C14 70.91% 82.53% 82.01% 82.97% 82.48% 
C15 77.13% 84.50% 82.30% 83.96% 83.21% 
C16 44.09% 85.81% 88.89% 89.28% 89.03% 
C17 49.09% 80.42% 86.92% 87.41% 88.28% 
C18 51.64% 56.47% 73.88% 73.12% 73.57% 
C19 65.69% 88.43% 90.27% 90.69% 89.92% 
C20 85.94% 92.14% 94.04% 94.31% 95.22% 

Total 55.69% 75.79% 81.05% 81.20% 81.43% 
 
 

Table 8: F-measure for Each Class Using SN-g, MN-g, CPV&T, 
CPV&A and CPV&N Classifiers based on the term weighting
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Class SN-g MN-g CPV&T CPV&A CPV&N 
C1 65.88% 76.55% 75.09% 75.83% 76.05% 
C2 36.81% 61.46% 75.08% 75.03% 74.27% 
C3 23.88% 58.58% 66.91% 66.79% 70.04% 
C4 48.46% 56.12% 66.53% 65.93% 67.45% 
C5 29.88% 51.68% 76.07% 75.99% 76.92% 
C6 62.09% 70.55% 73.14% 73.22% 75.03% 
C7 79.95% 87.91% 92.11% 92.17% 92.59% 
C8 70.83% 90.18% 93.96% 93.92% 93.79% 
C9 59.59% 83.39% 89.68% 89.46% 89.26% 
C10 51.06% 60.58% 73.31% 73.02% 73.09% 
C11 47.60% 58.43% 51.43% 58.94% 58.88% 
C12 13.08% 72.07% 72.67% 72.09% 68.79% 
C13 41.28% 91.15% 92.83% 91.88% 91.63% 
C14 55.07% 82.97% 82.96% 83.07% 82.72% 
C15 52.63% 82.01% 82.01% 83.65% 82.36% 
C16 21.90% 83.45% 89.11% 89.53% 89.32% 
C17 29.26% 78.23% 86.69% 87.27% 87.84% 
C18 41.15% 51.23% 73.67% 73.25% 73.09% 
C19 34.87% 85.65% 90.63% 90.84% 90.00% 
C20 80.19% 89.89% 94.23% 94.42% 95.12% 

Total 44.34% 72.70% 80.93% 81.01% 81.12% 
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Table 9: F-measure for Each Class Using SN-g, MN-g, CPV&T, 
CPV&A and CPV&N Classifiers based on the term weighting
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,
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DS  

Class SN-g MN-g CPV&T CPV&A CPV&N 
C1 64.62% 77.35% 75.24% 75.83% 76.31% 
C2 26.19% 55.18% 74.84% 74.71% 74.79% 
C3 22.39% 57.28% 66.19% 66.25% 70.22% 
C4 44.11% 53.77% 66.86% 66.40% 67.84% 
C5 27.01% 47.11% 77.15% 76.67% 77.08% 
C6 58.16% 68.09% 73.22% 73.22% 75.03% 
C7 76.26% 88.24% 92.00% 92.17% 92.49% 
C8 69.38% 90.00% 94.14% 94.13% 94.00% 
C9 53.97% 81.60% 89.63% 89.80% 89.67% 
C10 45.18% 60.34% 73.33% 73.17% 73.60% 
C11 46.15% 57.10% 51.87% 58.71% 59.68% 
C12 09.88% 70.53% 72.45% 71.91% 68.43% 
C13 33.45% 91.23% 92.92% 91.86% 91.71% 
C14 47.73% 82.91% 82.68% 83.30% 82.68% 
C15 45.68% 81.93% 82.46% 83.73% 82.57% 
C16 16.01% 82.00% 89.29% 89.28% 89.03% 
C17 25.35% 76.61% 86.66% 87.45% 87.70% 
C18 38.69% 50.17% 73.98% 73.56% 73.15% 
C19 27.88% 84.27% 90.71% 90.84% 90.18% 
C20 77.32% 89.94% 94.14% 94.42% 94.93% 

Total 39.55% 71.03% 80.99% 81.07% 81.24% 

 

 
 

Fig. 4.4 F-measure for Each Class Using SN-g, MN-g, CPV&T, CPV&A and CPV&N 
Classifiers based on the term weighting
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Figures 4.4, 4.5, 4.6 and 4.7 show the proposed approach performance in terms of F 

measure using the previously mentioned four term weightings rather than tfsc,dfsc. 

 

 
 

Fig. 4.5 F-measure for Each Class Using SN-g, MN-g, CPV&T, CPV&A and CPV&N 
Classifiers based on the term weighting
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Fig. 4.6 F-measure for Each Class Using SN-g, MN-g, CPV&T, CPV&A and CPV&N 
Classifiers based on the term weighting
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Fig. 4.7 F-measure for Each Class Using SN-g, MN-g, CPV&T, CPV&A and CPV&N 
Classifiers based on the term weighting
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It is clear from the previous tables and figures that provide the best results 

compared with the rest three term weightings. 

Repeat the previously mentioned experiments using formula 3.10 to investigate the 

effect of tfsc,dfsc on the total system performance. Table 10 and figure 4.8 show the 

proposed approach performance in terms of F measure using SN-g (N-gram model with 

tfisc,dfsc and Manhattan distance), MN-g (modified N-gram with tfsc,dfsc and new 

distance measure), CPV&T (CPV model using class prototype vector of the traditional 

centroid classifier), CPV&A (CPV model using class prototype vector of the average 

centroid classifier), and CPV&N (CPV model using class prototype vector of the 

normalized centroid classifier). 
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Table 10: F-measure for Each Class Using SN-g, MN-g, CPV&T, 

CPV&A and CPV&N Classifiers based on the term weighting tfsc,dfsc 
 SN-g MN-g CPV&T CPV&A CPV&N 

C1 65.15% 75.97% 75.74% 76.17% 76.15% 
C2 33.89% 58.87% 74.92% 75% 74.42% 
C3 25.99% 58.03% 66.25% 66.25% 70.2% 
C4 47.16% 55.93% 66.60% 65.79% 68.18% 
C5 29.36% 50.29% 77.90% 77.16% 77.72% 
C6 62.05% 68.90% 72.94% 72.86% 74.58% 
C7 79.63% 88.11% 92.01% 91.98% 92.69% 
C8 73.51% 89.57% 93.73% 94.10% 93.99% 
C9 63.66% 82.64% 89.34% 89.81% 89.80% 
C10 49.46% 61.19% 73.53% 72.93% 73.51% 
C11 49.79% 56.91% 51.5% 59.31% 59.03% 
C12 19.33% 71.51% 72.5% 72.19% 68.88% 
C13 47.55% 91.28% 92.43% 91.16% 91.32% 
C14 61.28% 82.82% 82.51% 82.97% 82.44% 
C15 52.00% 81.54% 82.23% 83.65% 82.72% 
C16 26.80% 83.3% 88.97% 89.14% 89.21% 
C17 35.17% 77.59% 86.57% 87.26% 87.66% 
C18 43.92% 49.5% 73.81% 73.31% 73.42% 
C19 40.69% 85.05% 90.64% 90.96% 90.31% 
C20 81.03% 90.30% 94.32% 94.69% 95.11% 

Total 46.00% 71.88% 80.95% 81.02% 81.3 % 
 

 
 
 

 
 

Fig. 4.8 F-measure for Each Class Using SN-g, MN-g, CPV&T, CPV&A and CPV&N 
Classifiers based on the term weighting tfsc,dfsc 
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It is clear from tables 5 to 10 and figures 4.3 to 4.8 that the proposed term weighting 
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DS and tfsc,dfsc) provide better results than traditional term 

weighting (tfidf). The best result is still associated with the term weighting 
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DF  and 

CPV&N approach. This result reflects the effectiveness of the frequency of the 

documents which contain term ti in class ck and the frequency of documents which 

contain term ti in all classes c* except class ck features. The hybrid model using term 

weighting tfsc,dfsc and CPV&N approach provide reasonable result as well which 

reflects the effectiveness of the new approach. 
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CHAPTER 5 

 

CONCLUSION AND FUTURE WORK 
 
 

5.1 Conclusion 
 

This thesis presents research on automatic text classification, a new approaches for 

classification field to meet an increasing online information demand. The thesis is 

divided into 5 chapters: chapter 1 has given the introduction, text classification system 

and explains the automatic text classification, motivation, problem description, 

contribution, prerequisite concepts, classification evaluation and outline of the thesis. 

Chapter 2 has introduced an overview of text pre-process algorithms to build for training 

and testing data and has described different methods and algorithms for trainable 

classifier. Chapter 3 has proposed new concrete algorithms for automatic text 

classification using Centroid Classifier and n-gram. Chapter 4 has described the 

experimental results on different text features and the result for comparing the baseline 

method to the proposed methods. Finally, Chapter 5 has focused on conclusion and future 

works. 

We have used the traditional centroid classifier as a baseline model. The proposed 

approach has used a modified centroid classifier, which has added the most similar 

training errors belonging to a certain class to its centroid for updating and discarded the 

training errors that have low similarities with their class, based on a certain threshold 

value = 0.2. After achieving the high experimental results of the modified centroid 
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classifier (which has better document classification accuracy), the new approach has 

chosen a certain threshold value to improve the system’s performance. 

Our experimental results have found that the modified centroid classifier gives 

higher classification accuracy than the traditional centroid classifier. This means the 

modified centroid classifier is an improvement for automatic text classification system 

performance.  

Moreover, we have investigated different approaches for automatic text 

classification. Firstly, we have exploited the Naive Bays (NB) and Support Vector 

Machine (SVM) classifiers based on tfidf to weigh document’s terms. Moreover, we have 

exploited N-gram (traditional N-gram model with tfidf and Manhattan distance), DN-g 

(N-gram model with tfidf and new distance measure), TC (traditional centroid classifier), 

AC (average centroid classifier) and NC (normalized centroid classifier), as baseline 

models as well. Secondly, we proposed the modified N-gram model using the proposed 

tfsc,dfsc score to rank the profiles in N-gram. Finally we employed different term 

weighting schemes to establish the hybrid CPV model based on centroid classifiers and 

the modified N-gram to improve the classification performance. As shown in the results, 

the hybrid CPV classification model enhanced the classification performance. The 

proposed term weighting schemes and the proposed similarity distance measure have 

good effect on the classification performance for N-gram model. 
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5.2 Future Work 

Further research is needed on the following topics to enhance our system. First of all we 

have to study other classification systems, including their indexing schemes, 

methodologies for keeping their taxonomies current, software support, and other tools 

(almanac, autobiography, bible of book, dictionary, directory, electronic CD-Rom, 

encyclopedia, front page, handbook, record book, scorebook, thesaurus, year book) for 

maintenance and searching (Amazon.com, 2001). 

Consider the development of an online dictionary or thesaurus for the document 

classification that would interact with the new taxonomy and assist classifiers and users 

who work with classification, Such a dictionary would provide not only definitions of 

terms but also important information about synonymy (related terms), semantic hierarchy 

(broad terms and narrower terms), and background or common knowledge. Design a new 

classification system, using a variety of contemporary sources (including the current 

document classification and the documents mentioned above) that might reflect more 

accurately the modern structure of the field and its published literature. 

We will suggest a mapping function that preserves the historical integrity of the 

current database and document classification taxonomy in future searching and indexing 

activities. It should connect the terms in the new taxonomy both with the terms in the 

current taxonomy and with the terms in the online dictionary. 

As we have investigated different approaches for automatic text classification such 

as: Rocchio’s Algorithm, Naïve Bayes Algorithm, Bayes Nets algorithm, K-nearest 

neighbour algorithm, Decision Tree Algorithm, and Support Vector Machine Algorithm 
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as a different classification models and compare them with a new concrete centroid 

classifier. Furthermore, as we have investigated the modified centroid classifier, 

enhanced n-gram and hybrid CPV model.  

In the future work, we will apply the CPV classification model on a large English 

corpus and other languages such as Arabic, French. Furthermore, we will focus on 

exploiting other classification models like Decision Trees and KNN to compare it with 

the proposed CPV model that might improve the automatic text classification 

performance. 

Moreover, we will try to establish a new generation in automatic text classification 

models by using a smart classification models. In the future work, we think to create a 

smart model to classify the text. This smart model will update it self automatically. The 

training phase and testing phase of the smart model will be as follows: 

Training step of smart model is as same as the traditional models, but in the smart 

model, the training step will not stop before the testing step, it will be continued during 

the testing step without any stop in the future. 

Testing step of smart model is as same as the traditional models, but in our smart 

model, we will add the classified document which has similarity with the class more than 

70% to the classification model to update it. That means this classified document will be 

used as a training document to train the model. Moreover, there are new terms will came 

with the classified documents. We will add these new terms to the classification model 

based on some conditions. Like, the number of classified documents which contain the 

new term should be more than 10 documents in the same class. 
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