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 ABSTRACT 

With many web sites appearing everyday, it has 
become increasingly difficult to keep the web 
directories up-to-date and growing. The interest in 
the usage of machine learning on automatic text 
categorization is further stimulated with this 
intensive growth of World Wide Web. We believe that 
Web page classification is significantly different from 
a traditional text classification because of the 
presence of some additional information, provided by 
the HTML structure and by the presence of the 
hyperlinks. In this paper, our objective is to analyze 
different combinations to represent the training 
documents and the test documents for SVM classifier. 
Our experiments show that in addition to the content 
of the web site, using further the META data and the 
extended inbound anchor text information in 
representing the Web sites, enhances the 
performance of the classification. Moreover, utilizing 
the expected entropy loss values for the purpose of 
weighting the term frequencies in the feature vector 
provides further performance enhancement in SVM 
classifier.  
 

 
1. INTRODUCTION 

Web is large, and one way to reach the Web 

documents is to use directory services, such as Yahoo 

(http://www.yahoo.com), or the Open Directory 

Project (http://www.dmoz.org). Typically directories 

are manually created, and the judgments of which 

category a page belongs to are done by human 

editors. Large web directories are difficult to 

maintain manually. It is simply not feasible to keep 

up with the pace of growth and change on the web 

through manual classification without expending 

immense time and effort. It is therefore desirable to 

be able to learn an automatic classifier that tests 

membership to a given category.  

 

Text categorization is the task of deciding whether a 

document belongs to a set of predefined classes of 

documents. The problem of automatic document 

categorization is well known in information retrieval 

and usually tested on publicly available databases 

(e.g. Reuters, MEDLINE). In this paper, instead of 

these well-known databases, we use machine learning 

for document categorization in restaurants domain. 

Our motivation to use restaurants domain is to 

produce a base study to establish an automatically 

categorized restaurant directories for cities and 

towns. We believe that this type of directory, listing 

the restaurants according to their cuisine types, is one 

of the most desirable information that people, 

especially mobile device users or frequent travelers 

wish to reach. 

 

Typical text based classification methods utilize the 

words of a target document whereas a Hypertext 

Markup Language (HTML) document is much more 

than a simple text file. It is structured and connected 

with other HTML documents. The presence of 

additional information, provided by the HTML tags 

and the hyperlinks gives the researchers idea of 

exploring new techniques for representing Web sites 

for automatic classification. In HTML documents, 

the META tag is used to specify headers for the 

document, but can also be used to convey meta-

information about the Web site. Recent researches 

revealed that META tags meet the requirements of 

good text features for automated Web site 



categorization [12, 16]. The other important feature 

of the HTML documents is the outgoing and 

incoming links. The anchor text of both kinds of links 

gives very useful information about the Web site. 

While some researchers used the anchor texts of the 

outgoing links for representation of the Web page 

[12], some preferred to use the anchor text of the 

incoming links. Blum & Mitchell [11] compared two 

classifiers for several computer science web pages 

(from WebKB dataset), one for full text, and one for 

the words on the links pointing in to the target pages 

(inbound anchor text). From their result, anchor text 

words alone were slightly less powerful than the full-

text alone, and the combination was better. Glover 

et.al. showed in their experiments that the text in 

citing documents, often has greater discriminative 

and descriptive power than the text in the target 

document itself [10]. 

Encouraged by the results of previous research, we 

explore representing Web sites by combining the 

BODY content, META tag information and the 

surrounding text around the inbound anchor text what 

is called extended anchor text. Rather than use the 

words from only the BODY of the Web document, 

we will show that the combined representation gives 

better results in terms of classification accuracy. 

 

As a second contribution, we propose modifying the 

term frequencies which we use in feature vectors of 

the documents in the process of training classifier by 

using a weighting method. We utilize the expected 

entropy loss values which will be already calculated 

in feature selection for the representation of 

categories, as a weighting factor of the term 

frequencies. Empirical results indicate that the 

expected entropy loss values can be used very 

successfully as a weighting factor.  

 

Researchers have applied different learning 

techniques for text categorization: nearest neighbor 

classifiers, decision trees, Bayesian models, neural 

networks and support vector machines (SVMs). We 

use Support Vector Machines (SVMs) as the learning 

algorithm throughout our studies. Recently, SVMs 

have been shown to yield promising results for text 

categorization [1, 2, 3]. 

 

The rest of the paper is organized as follows: Section 

2 summarizes the background and existing literature 

information about the subject. It also introduces how 

the software tools and the concepts we use are related 

with our experimental work. In section 3 we describe 

our methodology and algorithms. Section 4 presents 

the experimental results, comparisons and 

interpretations. Finally we conclude our work in 

section 5. 

2. BACKGROUND 
2.1 Extended Anchor Text 
Extended anchor texts refer to the surrounding words 

that are located around the inbound anchor texts in a 

link to the target page. Figure 1 shows an example of 

extended anchor text. Our crawler uses Google 

(http://www.google.com) to search for the Web sites 

linking to the target site to extract the extended 

anchor texts. We created virtual documents for each 

Web site composed of extended anchor texts from up  

 

 

 

 

 
 

Figure 1: Anchor texts and extended anchor texts 
(nearby words) from pages that link to the target 
web site constitutes virtual document 
 

 

to 10 citing documents. When creating virtual 

documents we considered up to 25 words preceding 

and 25 words leading the link, including the inbound 

anchor text. 

The virtual documents of each Web site are later be 

used in representing the Web site combined with its 

content gathered from HTML structure. 

 

The feature extractor indexes each file and computes 

the expected entropy loss for each feature. 
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2.2 Support Vector Machines 
In this section we give a very brief introduction to 

Support Vector Machines [14, 15, 17]. 

Underlining methodology in SVM is mapping the 

training data 
dXx∈  into a high dimensional 

“feature space” F and construct an optimal separating 
hyper-plane (OSH) in this space separating examples 

of two classes. Different mappings,  

pd XxXx ∈∈ )(φa  p>>d 

in which X is the space of real or binary numbers, 

construct different SVMs. If this mapping is 

nonlinear, a hyper-plane in the feature space will 

correspond to a nonlinear decision surface in the 

original space. In addition it is not necessary to 

represent images φ (x) explicitly, as long as the inner 

products between them can be computed. A function  

FzxzxK >=< )()(),( φφ  

used for this purpose is called kernel. The linear 

kernel, zxzxK T=),( , corresponds to working in 

the original space. We work with the linear kernel 

throughout these experiments because the existing 

literature on text categorization indicates that 

nonlinear kernels gain very little in terms of 

categorization performance. 

 

The OSH separates the examples of two classes by 

maximizing the hyperregion of separation. The OSH 

is therefore the hyper-plane with maximum distance 

which is called margin in φ  space, to the closest 

image )( ixφ  from the training data. The margin can 

be seen as a measure of the generalization ability: the 

larger the margin, the better the generalization is 

expected to be [18]. 

The decision function given by an SVM is: 
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where the variables are defined as below: 

iα  : Lagrange multiplier corresponding to ix  

 b    : Hyper-plane parameter 

 yi       : class label for input vector ix  

 yi values differ as follows, 

 

 

Only examples closest to OSH contribute to a non-

zero α  to the sum in the above formula. These 

examples are called support vectors. Thus index i, 
runs over only the support vectors. In other words, 

SVMs identify a small subset of the training data 

relevant for the classification task. For the non-

separable case, the optimization problem involves a 

tradeoff between minimization of classification errors 

and maximization of margin. The optimization 

problem is modified by introducing slack variables 

allowing for misclassified vectors. 

 

2.3 Feature Selection 
A major characteristics, or difficulty, of text 

categorization problems is the high dimensionality of 

the feature space. It is highly desirable to reduce the 

dimensions of the space without sacrificing 

categorization accuracy. It is also desirable to achieve 

such a goal automatically, without any manual 

definition or construction of features. 

 

Automatic feature selection methods include the 

removal of non-informative terms according to 

corpus statistics. Feature selection methods have 

some desired goals which are basically to represent 

the document with as many as top ranked words as 

possible. In the same time, they should make sure 

that the selected words cover as many documents as 

possible. Finally they try to select as small number of 

words as necessary to control the computational cost. 

 

Existing literature contains many usages of different 

feature selection algorithms. Lewis & Ringuette [19] 

used information gain measure to aggressively reduce 

the document vocabulary in a naive Bayes model and 

a decision-tree approach to binary classification. 

Yang & Pedersen [20] made a comparative study 

among the feature selection methods, document 

frequency (DF), information gain (IG), mutual 

information (MI), a X
2
 statistic (CHI), and term 

strength (TS). Brank et.al [13] proposed a SVM-

based feature selection method. Glover et.al. [5] used 

expected entropy loss in order to select features for 

the classifier.  

 

One remarkable property of SVMs is that their ability 

to learn can be independent of the dimensionality of 

feature space. So, it can easily take as input a large 

number of features. However the greater sparsity of 

document vectors after feature selection is an 

important parameter. Sparsity indicates the average 

number of terms per document, or in other terms, the 

average number of nonzero components in the sparse 

vectors by which documents are represented. It 

directly influences both the memory requirement for 

storing the sparse vectors and the time needed to 

    yi  = 
+1   if ix  belongs to the class 

-1    ow. 



perform calculations such as computing dot products 

required for SVM. Methods like SVMs require 

practically the whole training data to be stored in the 

main memory all the time. Thus it can become 

necessary to work with smaller subsets of training 

data instead. We used expected entropy loss as a 

feature selection algorithm since the recent studies 

showed that it gives pretty successful results [5,6]. 
Feature selection increases both effectiveness and 

efficiency since it removes non-informative terms 

according to corpus statistics 

 

2.4 Expected Entropy Loss 
Expected entropy loss is a statistical measure that has 

recently been successfully applied to the problem of 

feature selection for information retrieval [4].  

Expected entropy loss is computed separately for 

each future. It ranks the features which are effective 

discriminators for a class higher and ranks the 

features that are common in both the positive set and 

the negative set lower. All features meeting the 

threshold are sorted by expected entropy loss to 

provide an approximation of the usefulness of the 

individual feature. This approach will correctly 

assign low scores to features that are unlikely to be 

useful for a binary classifier, although they are 

common in both sets. Brief description of the 

expected entropy loss is as follows [7].  

 

Let C  be the event that indicates whether a program 

is a member of the specified class and let f be the 

event that the program contains the specified feature. 

Let C  and f  be their negations and Pr( ) their 

probability. 

 

The prior entropy of the class distribution is 

)Pr(lg)Pr()Pr(lg)Pr( CCCCe −−≡  

The posterior entropy of the class when feature is 

present is 

)|Pr(lg)|Pr()|Pr(lg)|Pr( fCfCfCfCe f −−≡  

The posterior entropy of the class when feature is 

absent is 

)|Pr(lg)|Pr()|Pr(lg)|Pr( fCfCfCfCe
f

−−≡

Thus the expected posterior entropy is 

)Pr()Pr( fefe
ff +

 
and the expected entropy loss is 

))Pr()Pr(( fefee
ff +−

 
 
In expected entropy loss method the higher scores 

indicates more discriminatory features, and they are 

always nonnegative. The probabilities for the 

expected entropy loss of each feature are computed 

as follows: 

amplesnumberofEx
plessitiveExamnumberofPoC =)Pr(  

amplesnumberOfEx
FeatureFamplesWithnumberOfExf

CC

=

−=

)Pr(

)Pr(1)Pr(

 

)Pr(1)Pr( ff −=  

FeatureFamplesWithnumberOfEx
atureFplesWithFesitiveExamnumberOfPofC =)|Pr(

)|Pr(1)|Pr( fCfC −=  

FoutFeatureamplesWithnumberOfEx
tFeatureFplesWithousitiveExamnumberOfPofC =)|Pr(

)|Pr(1)|Pr( fCfC −=  

 

2.5 Evaluation Metrics 
Performance measures can be found by using a two-

way contingency table (as seen in Table 1) in binary 

classification. In order to be able to calculate average 

performance for multiple categories, we utilize from 

the contingency table values of each category. It will 

be useful to go over these informative values. The 

table contains four cells: 

a: the assigned correct cases 

b: assigned and incorrect cases 

c: not assigned but incorrect cases 

d: not assigned and correct cases 

 

Table 1. Contingency table 

 

True Positive rate (TP)  = a / (a+c) 

       = 1- false negative rate 

Sensitivity = True Positive rate (TP) 

 

False Positive rate (FP)  = b / (b+d) 

       = 1- True Negative rate 

Specifity = True Negative rate 

Positive Predictive Value = a / (a+b) 

Precision = Positive Predictive Value 

Recall = a / (a+c) = True Positive rate = Sensitivity 

 

 

2.5.1 Global averaging 
There are two ways to measure the average 

performance of a binary classifier over multiple 

 YES is correct NO is 
correct 

Predicted YES a 
(True +) 

b 
(False +) 

Predicted NO c 
(False -) 

d 
(True -) 



categories, namely, the macro-average and the 

micro-average. In macro-averaging, local measures 

are computed first, considering one contingency table 

per category, and the results are averaged over 

categories. Macro-averaging gives an equal weight to 

the performance on every category, regardless how 

rare or how common a category is.  On the other 

hand, in micro-averaging, the contingency tables of 

individual categories are merged into a single table 

where each cell of a, b, c and d is the sum of the 

corresponding cells in the local tables. The merged 

table is then used to compute the global performance. 

Micro-averaging, on the other hand, gives an equal 

weight to the performance on every document, thus 

favoring the performance on common categories. In 

our evaluations of experimental data, the macro-

average is used.  

 

A commonly used measure in method comparison is 

the F-measure, defined to be: 

rp
pr

prF
+

+
=

2

2 )1(
),(

β
β

β  

where beta is the parameter allowing differential 

weighting of p and r. When the value of beta is set to 

one (denoted as F1), recall and precision is weighted 

equally: 

rp
prprF
+

=
2

),(1
 

 

When r=p, the value of F1(r, p) is equivalent to the  

break-even point. 

 

3. Methodology 
In this section we present the methods and the 

algorithms that we used in our comparative automatic 

Web categorization system.  

 

3.1 Crawler 

We utilized Open Directory Project directories 

(http:// www. dmoz.org) in gathering restaurant Web 

sites for the training and testing data. The crawler we 

designed is a directed crawler: It needs two 

parameters as input, the relative URL of a directory 

for a particular cuisine within the dmoz site, and the 

corresponding cuisine type. Most of the time, to get 

enough number of links, we had to supply a number 

of relative URLs for a single cuisine category, since 

there are not enough restaurant links under a single 

directory. We predefined 6 categories of cuisine 

types and gathered 70 Web sites for each category as 

training data. The category names are: Italian, 

Mexican, Seafood, Fast-food&Deli, Pizza and 

Steakhouse. The cuisine types of Fast-food and Deli 

are combined in advance since the content of Web 

sites belonging to each of the category shows big 

similarities. Our test data consists of 30 Web sites 

from each category. 

 

Given a relative URL, the crawler visits that 

particular directory, extracts the restaurant URLs 

from the page, and adds those URLs to its stack of 

links to be crawled. It then goes to the restaurants’ 

Web pages and extracts the META tags and the 

BODY text one at a time. During this process, it also 

extracts hyperlinks, resolves any relative URLs and 

pushes them to the stack, if it's not in its list of 

processed links (to eliminate the possibility of 

entering infinite loop). The pseudo code of this 

process is given in Table 2. When the whole Web site 

of a restaurant is crawled, the BODY terms and 

META tag terms are indexed, and the crawler uses 

Google
 

(http://www.google.com) to search for the 

sites linking to this restaurant to extract the extended 

anchor texts from them. The crawler visits at most 10 

sites listed in Google, and from each site, indexes 25 

words preceding the anchor text and 25 leading the 

anchor text. It also includes the anchor text to the 

virtual document.  

 
Table 2. Procedure for directed crawler 

 
 
Go to DMOZ's web site 
   
Extract Restaurant URLs and add them to 
stack 
 
while(stack not empty){ 
  Stack.pop() 
  Go to URL 
  Extract Meta-tag terms 
  Extract Body Terms 
  Extract hyperlinks  
 
  For Each extracted hyperlink 
   If belongs to the same domain 
   If not in Processed_URLs or Stack 
    Stack.push(hyperlink) 
   End if 
   End if 
  End For Each 
 
  Add this URL to processed_URLs 
   
if(Stack.peek()).domain != currentDomain 
   This restaurant’s domain fully crawled 
End if 
 

}// end while 

 
 
3.2 Stemming 
In most cases, morphological variants of words have 

similar semantic interpretations and can be 

considered as equivalent for the purpose of 



Information Retrieval (IR) applications. Thus, the 

terms of a document are represented by stems rather 

than by the original words. This not only means that 

different variants of a term can be conflated to a 

single representative form. It also reduces the 

dictionary size, that is, the number of distinct terms 

needed for representing a set of documents. A smaller 

dictionary size results in saving of storage space and 

processing time. We used Porter’s stemming 

algorithm for our indexed terms. For IR purposes, it 

doesn't usually matter whether the stems generated 

are genuine words or not. To give some examples, 

after stemming, “restaurants” and “restaurant” are 

both started to be represented as “restaur” in the 

database, and “appetite” is shortened to “appetit”, 

“franchise” and “franchising” became “franchis”. 

 

3.3 Feature Selection 
The ideal effect of our feature selection method is the 

removal of all noise terms that are unrelated to the 

categories. Before running feature selection 

algorithm, we removed the terms that only appear in 

a single document at each category. Then for each 

category, the feature selection algorithm computes 

the expected entropy loss for each indexed term. This 

process is repeated for three types of data separately: 

BODY terms, META tag terms and the extended 

anchor text terms. In this paper, we are not interested 

in the independent performances of those three 

representation data. Since, at the end, we want to 

explore the combined effect of those three kinds of 

data, we proposed a way to combine the features of 

those three representations.  

 

Our method comprised of three parts, which, the first 

part -extracting the top 50 features of BODY terms- 

is straight forward. For only BODY terms, the top 50 

features are basically the ones that have highest 

expected entropy loss values. We decided to select 

the top 50 terms, observing that this number is low 

enough to get rid of noise terms and high enough to 

provide a satisfactory sparsity for feature vectors. 

The top 50 features are recorded in a table, and this 

table is considered as a base record for comparison of 

META terms at the next part. At the second part, to 

find the top 50 features for the combined 

representation, namely “BODY+ META”, META 

terms are compared with the BODY terms. If the 

term does not appear among the selected BODY 

terms, it is recorded in BODY+META term table 

with its own expected entropy loss value; if the term 

is found among the BODY terms, then this term is 

appended to the table with the summed up entropy 

loss values. Then, the terms in this newly produced 

BODY+META table are sorted by descending final 

expected entropy loss values. Finally, the top 50 

terms are selected for the “BODY+META” 

representation. Table 3 depicts the pseudo code of 

this algorithm. 

 
Table 3. Algorithm for selecting top 50 

features for BODY+META 

 

 
 For Each Category c 
   For Each site i in c 
     For Each meta-tag term j for site i 
       If Body(i) contains term j 
        E(b,m)(j) = E(b)(j) + E(m)(j) 
  Insert E(b,m)(j) to Body+Meta(i) 
       Else 

 Insert E(m)(j) to Body+Meta(i) 
      End For Each 
    End For Each 
  End For Each 
 
  Sort in descending order    
  Select top 50 features 
 

 

E(b)(j)     :Entropy Loss for feature j in BODY terms 

E(m)(j)     :Entropy Loss for feature j in META terms 

E(b,m)(j)    :Entropy Loss for feature j in BODY+META  

       Terms 

 

In the third part, the same procedure is followed to 

combine the extended anchor text terms to the 

BODY+META representation. This time the terms of 

extended anchor text are compared with the selected 

features of BODY+META representation which is 

obtained in the previous part. Table 4 depicts the 

modifications made to the main algorithm. As a 

consequence of these three steps, we have three 

different sets of features belonging to three different 

representations of Web sites for each category, which 

are: 

1. BODY content 

2. BODY content + META data 

3. BODY content + META data + 

EXTENDED ANCHOR TEXT 

 

Expected entropy loss gives a measure of the 

information gain of that term for that category, hence, 

a description of how well a particular term defines a 

category. Some features that appear more frequently 

in the negative set might also have high expected 

entropy loss values. These features are called 

“negative features”. Thus, a feature that has a higher 

frequency in the negative set can also be 

distinguishing for a category. In our dataset, for the 
BODY+META+ExtendedAnchorText representation, 
although they are not at the top ranks, there exist a 

few negative features among the selected 50 features. 

Table 5 shows the negative (the ones with the minus 



sign) and the top 6 features for each category. Since 

the positive features are highly ranked, presented top 

6 features in Table 5 are positive features. Negative 

features at among top 50 features only exist in 

categories Fastfood&Deli and Pizza. 

 
Table 4. Algorithm for selecting top 50 features 

for Body + Meta + Extended Anchor Text 
 

 
For Each Category c 
  For Each site i in c 
   For Each anchortext term j for site i 
    If Body+Meta(i) contains term j 
     E(b,m,a)(j) = E(b,m)(j) + E(a)(j) 
Insert E(b,m,a)(j) to Body+Meta+Anchor(i) 
    Else 
    Insert E(a)(j) to Body+Meta+Anchor(i) 
     End For Each 
   End For Each 
 End For Each 
 
 Sort in descending order    
 Select top 50 features 
 

 

E(a)(j)       :Entropy Loss for feature j in anchor text  

                         terms 

E(b,m,a)(j)   :Entropy Loss for feature j for  

         BODY+META+extended anchor terms  

 

 

The results of feature selection were promising for 

each category. One could easily guess the 

corresponding category by looking only the top 6 

features given in Table 5. 

 

3.4 Feature Vectors for Classifier 
To train the classifier, it is necessary to convert 

training documents into feature vectors. The SVM 

classifier is trained one at a time by vectors generated 

from the three different representation of the training 

set for different experimentations. Feature vector of a 

document consist of a class label, unique numbers 

given to each of its features and term frequencies of 

the features.   

While creating the feature vectors, we explore two 

different methods in calculating the term frequencies.  

The following sub-sections will describe these 

methods. 

 
3.4.1 Term Frequency  
The baseline method for computing the weight of a 

term in a document is to count the number of times 

the term occurs in the document. This method is 

called term frequency (TF). In this part, we treated all 

50 features equally, that is, any training document 

that contains the first ranked term or the last ranked  

Table 5. Top 6 features for each category among 
the selected features 
 

Cuisine BODY BODY + 
META 

BODY+ 
META+EXT. 

ANCHOR 

Italian 

Italian 

Wine 

Pasta 

Veal 

Menu 

White 

Italian 

Wine 

Pasta 

Veal 

Menu 

White 

Italian 

Pasta 

Wine 

Dinner 

Veal 

Restaur 

Mexican 

Mexican 

Taco 

Burrito 

Tostada 

Flour 

Enchilada 

Mexican 

Taco 

Burrito 

Tostada 

Enchilada 

Flour 

Mexican 

Taco 

Burrito 

Salsa 

Cantina 

Tortilla 

Seafood 

Seafood 

Fish 

Crab 

Lobster 

Sea 

Chowder 

Seafood 

Fish 

Crab 

Lobster 

Sea 

Chowder 

Seafood 

Crab 

Fish 

Sea 

Lobster 

Beach 

Fast-Food 
+ 

Deli 

Sandwich 

Deli 

Franchise 

Sub 

State 

Salami 

Sandwich 

Deli 

Sub 

Franchise 

State 

Salami 

Deli 

Burger 

Sandwich 

Chicken 

Sub 

Salami 

… 

(-)Pizza 

(-)Cafe 

Pizza 

Pizza 

Crust 

Dough 

Product 

Oven 

Slice 

Pizza 

Crust 

Dough 

Slice 

Oven 

Product 

Pizza 

Crust 

Dough 

Pizzeria 

Slice 

Oven 

… 

(-)Gourmet 

(-)Cream 

Steak-
house 

Steak 

Pork 

BBQ 

Rib 

Beef 

Great 

Steak 

BBQ 

Pork 

Rib 

Beef 

Great 

Steak 

BBQ 

Pork 

Beef 

Rib 

Great 

 

 

term from that category’s list of selected features, 

will have a weight of that term’s frequency in the 

training document. To normalize the term 

frequencies, we used a term-weighting strategy where 

the weight of a feature is defined as 

 

)(,

,

,

, ,, jCji

k
jk

ji
ji SFTFkji

TF
TF

W ∈∀=
∑

 

  Wi,j : Weight of feature i in site j 



  

 TFi,j : Number of occurrences of feature i in site j 

  SFC(j) : Selected representative features for the        

   category that j’th site belongs 

 

That is to say, instead of considering total number of 

terms in the site to normalize the term frequencies, 

we only use the sum of the occurrences of the 

features that are among the 50 features for that 

category. This approach helps us reduce the noise 

introduced by the insignificant terms as well as to 

eliminate the erroneously biasing towards the sites 

with less number of features, i.e. less number of 

pages within the site. Thus, we are using the best 50 

features of each category as a filter for the training 

documents’ total term counts.  

 

3.4.2 Weighted Term Frequency 
In this part we propose a weighting method for the 

term frequency values in the feature vector. The sole 

term frequency does not exploit the information 

present in expected entropy loss. To train the SVM, 

we think that every feature among those selected 

features should not be weighted equally. For 

example, for the “Pizza” category, the first and last 

three terms in descending entropy loss values are as 

in Figure 2. 
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Figure 2: Sample of selected features for “pizza” 

category 
 

Obviously a restaurant website with term ‘Pizza’ is 

more likely to belong to a pizza restaurant than a site 

that contains, say, the term ‘Olive’. For this purpose, 

we used the expected entropy loss values for the 

features as multiplicative factors; hence, if a training 

site for pizza category contains the term ‘pizza’, the 

weight for this feature would be calculated using the 

following equation. 
 

pizzapizzapizza EWW ′= *  

 

pizzaW  : Term weight calculated as in section 3.4.1 

pizzaE ′  : Expected entropy loss of term ‘pizza’ 

 
Using the modified weights, we are able to 

incorporate the rank information into the features’ 

weights by utilizing the information gain of each 

feature. We show the improvement achieved by this 

weighting strategy in the experimental results. 

 

3.5 Test Data 
For the test set, we also distinguished three situations 

where only the BODY terms, both BODY and 

META terms and all BODY, META and extended 

anchor text terms are considered. For the second and 

third situations, the contribution of META and 

extended anchor text terms are treated equally. The 

weights of term frequencies of the features are 

calculated using the following formula: 

∑
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k
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W

,
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where 1, 2,…,6 implies the class labels for each 

category. 

 

3.5 SVM Classifier 
As a classifier, “LIBSVM – A Library for Support 

Vector Machines” [8], is used, which is capable of 

performing cross validation and multi-categorization. 

Support vector machines (SVMs) were originally 

designed for binary classification. Several methods 

have been proposed to extend support vector 

machines (SVMs) for multi-class classification. 

Recent research has shown that one-against-one 

approach for multi-class categorization outperforms 

the other approaches [9]. LIBSVM uses the one-

against-one approach, for multi-class classification. 

In the one-against-one approach, n.(n-1)/2 classifiers 

are constructed where n is the number of classes. 

Each classifier trains data from two different classes.  

 

To evaluate the classifier, we applied 10-fold cross 

validation to the data set. In 10-fold cross validation, 

the data is divided into 10 subsets and each time one 

subset is used as the test set and 9 subsets are used 

for training.  

 
 
 

1.Pizza 

2.Crust 
3.Dough 

 

48.Extra 
49.Olive 

50.Take-out 



Table 6: The percentage of overlap features between categories. The splitted columns show the percentage for 
three types of representation BODY, BODY+META and BODY+META+EXT_A.T. respectively. 

 
% Italian Mexican Seafood Fast Food-Deli Pizza Steakhouse 

Italian x 0 0 1 7 7 6 1 1 1 3 3 2 3 3 2 

Mexican x x 2 2 2 1 1 1 1 1 1 0 1 1 

Seafood x x x 1 1 1 0 0 0 1 1 1 

Fast Food-Deli x x x x 3 3 3 1 1 1 

Pizza x x x x x 0 0 0 

Steakhouse x x x x x x 

 
 

4. Experimental Results 
Our emphasis in these experiments is to try to find 

the optimum representation of Web sites in order to 

maximize accuracy of an automatic Web site 

classification system. We conducted the experiments 

in a way that to measure the effect of adding META 

data information and then the extended anchor text 

information to the classical representation of Web 

sites which is composed of with only BODY texts of 

the HTML documents. We produced the three 

different representations for each group of data 

(training data and the test data). To see the 

performance effect of these representations we 

examined the true-positive (TP) rates, false-positive 

(FP) rates for each category.  

 

In order to interpret the TP and FP values, we 

decided to find the overlap between the features of 

the categories. Table 6 shows the overlap rates of the 

features of the categories for three representations of 

Web sites. Our observation at this point is that in 

three cases, Italian category has the highest overlap 

percentages with other categories. Examining table 7, 

we also realize that Italian category is the one having 

the highest false-positive (FP) rate as well. Looking 

at the table 6, we see that the highest overlap of the 

features of the Italian category is with the Seafood 

category. In table 7 Seafood category has the second 

highest false-positive rate.  The exhibited results 

reveal that the misclassified Web sites are assigned to 

the categories which have the highest feature overlap 

with the other categories. 

 

Our comparative experiments show that as the 

META data and further extended anchor text are 

included to the BODY content in representation of 

the Web sites, the performance in terms of 

classification accuracy increases. Even though we 

don’t play with one of the data sets, either training 

data or test data, but we keep on changing 

incrementally the representation of the other set, we 

observe improvement in the performance of the 

classifier. 

 

Table 7. TP rates and FP rates for each category 
in three different representations. 

 

TEST  

 
B B+M B+M+EXT_AT 

TRAIN TP% FP% TP% FP% TP% FP% 

     B 68.56 6.75 70.23 6.26 72.41 5.96 

B+M 72.46 6.58 73.05 6.02 73.87 5.64 

It
al

ia
n 

B+M+ 
EXT_AT 73.69 4.82 74.37 4.69 75.33 4.98 

B 72.28 0..60 75.39 0.22 76.96 0.29 

B+M 73.64 0.23 75.17 0.00 79.23 0.33 

M
ex

ic
an

 

B+M+ 
EXT_AT 75.42 0.00 76.83 0.00 77.09 017 

B 64.42 3.98 65.75 4.05 64.97 3.02 

B+M 65.18 3.47 66.37 3.24 68.49 2.16 

Se
af

oo
d 

B+M+ 
EXT_AT 64.32 2.97 65.06 2.66 69.22 2.08 

B 65.38 2.34 64.16 1.53 66.27 0.95 

B+M 68.86 2.17 67.52 1.68 65.06 0.47 

Fa
st

fo
od

&
D

el
i 

B+M+ 
EXT_AT 69.22 1.68 70.85 4.58 69.91 2.58 

B 69.5 1.05 69.98 0.96 72.49 1.62 

B+M 70.58 0.47 73.96 1.09 77.32 1.35 

Pi
zz

a 

B+M+ 
EXT_AT 71.02 0.25 74.21 0.33 77.89 0.78 

B 71.16 2.91 74.57 1.92 75.17 2.54 

B+M 73.38 1.68 74.48 1.33 74.99 2.49 

St
ea

k 
ho

us
e 

B+M+ 
EXT_AT 73.09 2.44 76.94 1.96 77.63 1.77 

 

 

 

 



Table 8. F1-measure without entropies used as 
weighting factor for term frequencies 

 
TEST  

B B+M B+M+A 

B 68.735% 73.021% 75.655% 

B+M 72.3% 75.902% 77.002% 

T
R

A
IN

 

B+M+A 74.167% 79.126% 79.618% 

 

 
Table 9. F1-measure with entropies used as 

weighting factor for term frequencies 
 

TEST  
B B+M B+M+A 

B 78.586% 80.481% 81.542% 

B+M 79.302% 81.032% 83.085% 

T
R

A
IN

 

B+M+A 86.729% 88.856% 89.786% 

 

Our other observation is about the term frequency 

weighting strategies that we used in feature vectors. 

To consolidate the performance of all the methods, 

we computed their F1 values (Tables 8 and 9). When 

the two methods are compared, the one using the 

expected entropy loss values as  weighting factor, 

outperforms significantly better than the one 

disregarding them, since, the expected entropy loss of 

a feature is a representative of the expected 

information gain. However, adding the expected 

entropy loss values of META tag terms did not have 

as much effect as the adding of the extended anchor 

text terms. This is due to the fact that, the  feature 

“Italian”, for example, would exist tens of times in 

the BODY content or in the virtual document’s 

content for an Italian restaurant’s index terms, 

whereas the same feature would only appear, if 

exists, at most a couple of times in its META tag. 

Also, we did not distinguish the sites without any 

META tags from the data set. As a matter of fact, 

only 65% of sites in our training set had META tags 

as opposed to 84% of sites with extended anchor text 

terms. Thus, expected entropy loss values of META 

tag features were lower than the other two sets of 

features, and adding them to the expected entropy 

loss values for BODY terms didn’t have a significant 

impact on classification accuracy. 

 

5. Conclusion 
Website classification is one of the essential 

techniques for web mining. As a result, it is crucial to 

select a highly reliable and accurate feature selection 

and feature weighting strategy. In this paper, we  

T est  D ata       
BODY                                              BODY+META                     BODY+META+E_AT         

0
10
20
30
40
50
60
70
80
90

100

T rain D ata

term f requencies without  weight ing factor

term frequencies with weight ing factor (entropy loss)

 

Figure 3. Comparative F1 measures for different 
representations of Web sites 

 

 

experimented the effect of utilizing the expected 

entropy loss values not only to select the best 

representative features for a class, but to use those 

values for feature weighting as well. Thus, a match 

with a higher ranked feature must be awarded more 

than a match with a feature that is ranked lower. Our 

experimental results imply that, for the vector 

representation of documents, modifying the feature 

weights using the expected entropy loss values is 

superior than the traditional weighting approaches 

where just term frequencies are considered.  

 

We have further showed the significance of the 

META tag terms and especially the extended anchor 

text for automatic Web site categorization. The 

highest performance results came out when both the 

training data and the test data are represented with 

their BODY content, META data and extended 

anchor texts. However, due to the fact that obtaining 

extended anchor text features for a Web site is an 

expensive process, in the cases that the number of 

amount of test data is enormous, this type of 

representation could be chosen to use with only the 

training data. The results show that there is an 

improvement when those features are included for the 

test set. The decision to include them or not, should 

be dependent on the application domain or the 

number of ‘real’ sites to be classified in that domain. 

 

 The experiments also reveal that, no matter how the 

test data is represented, the best performance 



measures are obtained when the training data is 

represented with BODY content, META data and 

extended anchor texts.  

As a result, we proposed some techniques to build a 

content-based and hyper-textual categorization 

system which also utilizes the HTML structure of the 

documents. The performance achievement indicates 

that these techniques can be applied to improve the 

accuracy of an automatic Web site classifier. 
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