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Abstract

Web Page Classification is one of the common problem of the today's Internet. In this paper, an
automatic Web page classification system is introduced. The proposed system tries to increase the
accuracy of a web page classification via combine the well-known Naive Bayesian algorithm, Support
Vector Machine and K-Nearest Neighbor. The experimental results shows that the performance of
classifying web page by hybrid Naive Bayesian classifier, Support Vector Machine and K-Nearest
Neighbor algorithm is better than using Naive Bayesian alone as always used to get the highest and
fastest classifier or using K-Nearest Neighbor alone or using Support Vector Machine alone to reduce
the false positive rate and get highest accuracy. The experimental results, applied on 10.000 web pages
(30% for training process and 70% for testing process), showed a high efficiency with the less number of
false positive rate (on average) 0%, the true positive rate (on average) 1%, F-measure (on average) 1%
and overall accuracy rate (on average) 99.98%

1. Introduction

The World Wide Web (WWW) is the huge repository of information that has been growing
exponentially over the years.There are more than7 billion pages accessible on the World Wide Web with
more than 3.424 million users Internet [1]. Hyper Text Mark-up Language (HTML) is used in design
Web pages. The volume of information available on the Web is excessive, so it is infeasible to classify
Web pages manually.Web pages classification is a process of assigning the Web page to one or more
predefined category labels [2]. Classification is often described as a supervised learning problem in
which the set of labelled data is used as the training set to train a classifier which later is applied to new
data to determine their categories. It is an important ingredient as is evident from the popularity of Web
directories such as Yahoo! [3], the Open Directory Project [4] and Looksmart [5].

The Web provides a regularly and dynamically changing environment, which makes it difficult to
build a classification model that can fit to classify many different web pages. Many Web pages
classification techniques have been proposed to automatically classify the Web. Supervised machine-
learning algorithms, such as Support Vector Machine [6], Naive Bayesian Classifier [7], K-Nearest
Neighbor Classifier [8] and Decision Tree Algorithm [9], are considered the most common techniques
used in Web classification. This paper proposes a hybrid Web page classifier based on the classical
Naive Bayesian, K-Nearest Neighbor and Support Vector Machine. The proposed technique uses Web
page title and body to extract the features used in the training process.

This paper is organized as follows: Section 2 describes related works of Web page classification.
Section 3 describes HTML structure. Section 4 describes classifiers: K-Nearest Neighbor, Naive
Bayesian and Support Vector Machine. Section 5 describes the proposed classification technique;
Section 6 discusses the results of using the proposed classification technique and conclusion and future
works are presented in Section 7.
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2. Related Work

This paper identifies with automatic Web page classification. Many experiments have been done to
improve the performance of classification. For example, Materna [10] tested the performance of four
classification algorithms with several term clustering, term representations and feature selection methods
for Web page classification. The best (highest) Predictive performance among the examined algorithms
was achieved with the combination of support vector machine classifier with term frequency
representation and mutual information based feature selection.

Zhang et al. [11] utilized fuzzy K-nearest neighbor classifier for Web document classification. In
order to represent the dataset, a TF/IDF (term frequency/increase document frequency) measure was
adopted.In addition, membership grade was used to enhance predictive performance. The experimental
results indicated that the fuzzy K-nearest neighbor classifier obtains better performance compared with
the support vector machine and K-nearest neighbor classifier for Web document classification.

Ozel [12] developed a genetic algorithm-based method for Web page classification. This method uses
both HTML tags and tags of terms as features for classification. Genetic algorithms were used to
determine appropriate weight values for each feature. The experimental results indicated that, in the case
of there being enough negative documents available in the training set, high predictive accuracy rates
can be obtained for Web page classification.

Zhong and Zou [13] presented an ensemble classification model that combines support vector
machine classifiers, principal component analysis and independent component analysis methods for Web
page classification. Principal component analysis was utilized for feature reduction and independent
component analysis was utilized for feature selection.

Choudhary and Raikwal [14 ]Jdeveloped a Web page classification model that consists of Naive
Bayesians and K-nearest neighbor. After pre-processing, the feature vector of a Web page was classified
by the Naive Bayesians classifier and the K-nearest neighbor algorithm was utilized to measure the
similarity between documents of training and test sets.

Gunal [15] presented a hybrid feature selection scheme for text classification. The feature selection
scheme consists of a filter and wrapper-based feature selection methods. The scheme examined the
effectiveness of varying sizes of feature subsets, different dataset characteristics and classification
algorithms. Peng and Choi [16] have proposed single-path search technique to reduce the search
complexity and increases the accuracy for text classification of Web pages.

Xin-She Yang and Xingshi He [29] described nature-inspired metaheuristic algorithms especially those
based on swarm intelligence have attracted much attention in the last ten years. It describes the
fundamentals of firefly algorithm together with a selection of recent publications. The discussion is
optimality associated with balancing exploration and exploitation, which is essential for all methods
algorithms. By comparing with intermittent search strategy, the conclusion is that methods such as
firefly algorithm are better than the optimal intermittent search strategy. Analysization of algorithms and
their implications for higher-dimensional optimization problems is done.

Pikakshi et. Al. [30] proposed an entirely new dimension towards web page classification using
Acrtificial Neural Networks (ANN). World Wide Web is growing at an uncontrollable rate. Hundreds of
thousands of web sites appear every day with the added challenge of keeping the web directories up-to-
date. The uncontrolled nature of web presents difficulties for Web page classification as the number of
Internet users is growing, so there is a need for classification of web pages with greater precision in order
to present the users with web pages of their desired class. However, web page classification has been
accomplished mostly by using textual categorization methods. In this paper they have proposed a novel
approach for web page classification that uses the HTML information present in a web page for its
classification is done.

Basem et. al. [31] introduced that Intelligent Water Drops (IWD) algorithm is adapted for feature
selection with Rough Set (RS). Specifically, IWD is used to search for a subset of features based on RS



dependency as an evaluation function. The resulting system, called IWDRSFS (Intelligent Water Drops
for Rough Set Feature Selection), is evaluated with six benchmark data sets. The performance of
IWDRSFS are analysed and compared with those from other methods in the literature. The outcomes
indicate that IWDRSFS is able to provide competitive and comparable results. In summary, this study
shows that IWD is a useful method for undertaking feature selection problems with RS.

3. HTML structure

To extract HTMLstructure for representation of the Web page, we can choose how a term is
representative of the page considering the HTML element [17] [18]. For an example, Web page
representsthe words of the title, words of the body and the words of meta- description, but meta- tag
doesn’t find in the most of Web pages.The words presented in the TITLE element are generally more
representative of the page's content than words presented in the BODY element.

We tested three different text sources for Web page representation, namely:

e TITLE (T): the page's title.

e BODY (B): the content of the body tag.

e BT: Body, Title (BT) iscombined between body and title content.

4. Classifiers

The classifier is a supervised function (machine learning tool) where a learned (target) attribute is
categorical. It is used after the learning process to classify new data (Web page) by giving them the best
target attributes (prediction). The target attribute can be one of k class membership. We use the K-
Nearest Neighbor classifier because it is particularly well suited for multimodal Classes, Naive Bayesian
Classifier because it is short computational time and Support vector machine because it is Produce very
accurate classifiers and it has Memory-intensive.

K-Nearest Neighbor classifier (KNN) is based on learning by analogy [19]. The K-Nearest

Neighbor algorithm is considered amongst the simplest of all machine learning algorithms. The object is
classified with a majority vote of its neighbors by the object being stands for the class most common
amongst its k nearest Neighbor.
N dimensional numeric attributes described the training samples and each one of samples represents a
point in an n-dimensional space. In this method, all of the training samples are stored in an
n-dimensional pattern space [8]. When pattern space gave an unknown sample, a K-Nearest Neighbor
classifier searches the pattern space for the k training samples which are nearest to the unknown sample.
"Closeness" is defined in terms of Euclidean distance. The Euclidean distance between two points
A = (aq1,a12, .., a1p) and A, = (a1, azy, ..., Az, ) Will be as [21]:

dist (A, Az) = \/z,nzl( ay; — a)? (1

The unknown sample is defined the most common class among its k nearest neighbor. When k=1, the
unknown sample stands for the class of the training sample which is nearest to it in pattern space.
Nearest neighbor classifiers are lazy learners and instances based in that they store all of the training
samples and not build a classifier until a new sample(unknown case) needs to be classified [8].



The Naive Bayesian Classifier (NB) is easy, simple and effective text classification algorithm that
has been shown to perform very well in practice [7] [20] [24]. The basic method of NB is using the joint
probabilities of words and categories to estimate the probabilities of the categories given a document.
Thus the most researchers employ the NB method by applying Bayesian rule:

_ P(Cj |é) Hﬂzl P(Wklcj; é)N(Wk’dj)

P(|d;; 6) = a ) - "
T 2 (B Ty P(w e B) Y

Where P(c;|9) can be calculated by counting the frequency of each category ¢; occurring in the training
data.|c|is the number of categories. P(wi|c]-) assigned to the probability that word w; occurs in class ¢
which maybe small in the training data, so the Laplace smoothing is chosen to estimate it. N(wy, d;) is
assigned the number of occurrences of a word wy in d;, n is assigned to the number of words in the
training data.

The Support vector machine (SVM)is the supervised machine learning algorithm which can be
used for either classification or regression challenges [22]. It is a good and powerful learning method
introduced by Weimin et al [6]. There are two methods for SVM linear classifier and non-linear
classifier [23]. SVM operates by finding the best hyper surface in the space of possible inputs.This is
called a linear classifier because there are many hyper-planes that might classify the data. The hyper
surface tries to split the positive examples from the negative examples of finding maximize the distance
between the closest of the positive and negative examples to the hyper surface [23]. Axiomatic, this
makes the classification corrects for data of testing, which is closer, but not identical to the data of
training.

5. The Proposed technique for Web Page Classification
The steps of the proposed classification technique consist of four phases: Training phase,
Classification phase, Improving phase and Testing phase. In the Training phase, a set of the Web page
documents is used to train the system. In the Classification phase, we use the three algorithms to classify
the Web sites. In the Improving phase, we try to improve the performance of the system via combine the
three (Naive Bayesians, Support Vector Machine and K-Nearest Neighbor) algorithms. In the Testing
phase, a set of experiments is conducted to evaluate the efficiency of the proposed technique.

The following subsections illustrate the details of each phase;

5.1 Training phase

To extract the features used in classification phase, a training process is done. Feature extraction means
transforming arbitrary data (Web page) into features that can be taken by the classifiers.The training
process requires that a set of categories has been defined, and the training Web page contents need to be
somehow labelled with their respective category. The steps of the training process can be written as:

1- Insert the Web page.
2- Extract the features (words exist either in the title or the body).
3- Remove stop words and lemmization.
4-  Store the features.
5- Calculate the weight (probability) of each feature.
Stop-words refer to the words which are common like "the","an","are", "a", "is", "too", "also", "to",
"two","as","off",....,which have high frequency but these words haven't a value as an index word. These
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words show high frequencies in all documents on Web, so we must remove these words at the start of
indexation and then we can obtain higher speeds of calculation and fewer words needing to be indexed
[28].

Lemmatization (lemmization) usually refers to doing things properly with the use of a vocabulary and
morphological analysis of words, normally aiming to remove inflectional endings only and to return the

base or dictionary form of a word, which is known as the lemma. . For example, the words "classify",
classifying", "classifiers", "classified", "classification”, "classifiable™ exist in documents are transformed
into the word "classify" [27].

To store the extracted features a SQL Server 2008 database table is used. Each record stores the
following information:

- Category name.

- Feature name.

- Number of feature’s occurrences (initialized to 0).

After all the features are extracted and filling the database table with all features, we start count the
elements of the table to compute the probability for each feature. To compute the probability (Ps) for a
feature, the following formula is used [32]:

S /Ts
aE—— (3)

/1, +>/,

Where S is the number of occurrences of feature F in a certain category,T is the total number of
certain category in the training set, n is the number of occurrences of feature F in another category, T, is
thetotal number of another category in the training set, and K is a number that can be tuned to
reducefalse positives by giving a higher weight to number of occurrences of other category.

PF:

5.1. Classification Phase

In the classification phase, a set of Web pages(which are different from the Web pages used in the
training step ) are used, the main steps of this phase can be described as follows;

1- Parse the Web page and extract both the title and the body.

2- Extract features from the title and body.

3- For each extracted feature retrieve the corresponding probability from the database DB.

4- Extract the most interesting features from the list of features (size strictly greater than 10. i.e
according to the number of frequency/occurrence grater than 10).

5- Calculate the total page probability (P) by combining the probabilities of the most
interesting features.

The closer the P is for 0, the more likely the page is not to be certain category and the closer P is for 1,
the more likely the page is to be certain category. In our implementation, the threshold that determines
whether the Web page belongs to certain category is set to 0.9.

5.2. Improving phase

The purpose of the improving phase is increasing the accuracy rate of the used classifiers. In our
implementation, Naive Bayesian algorithm is used to extract the features and then the support vector
machine is applied in the classification process. At the end of this process, the accuracy rate of the
classifier is calculated. According, some of the Web pages are classified correctly and the other are
classified incorrectly. To improve the accuracy of our system, we apply the K-Nearest Neighbor
algorithm for these Web pages that are classified incorrectly. We can summarize the steps of the
improving phase as follows;



Stepl: Insert Web Pages.

Step2: Apply Naive Bayesian for feature selection.

Step3: Apply support vector machine to classify these Web Pagesand get the results.
Step4: Determine the Web pages that classified incorrectly.

Step5:Apply K-Nearest Neighbor on the Web pages obtained step 4.

Figure 1, presents a flowchart of the proposed system in the improving phase.

Insert web
pages

Feature selection
by NB

!

Classify by SVM

Classify these If the pages
pages again by classified
KNN W
-4},[ Collect the results ]

Figure 1: Improving Phase Steps

5.3. Testing Phase

In this phase, we test our proposed system by five categories (Earrings, Merger, Money, Grain and
Crude Qil) and record the efficiency of our technique. The flowchart of this phase can be seen in Figure
2, for Earrings category as an example.

The steps of this phase can be summarized as follows:

1-
2.
3-
4-

5-

Insert a file (F) that contains Web pages with all categories.
When the classifier starts, five folders are created, one file for each category.
If the classifier judges a given Web page, as Earrings for example, the classifier copies it from the
file (F) to its file (Earrings folder).
If the classifier does not judge a Web page as Earrings, then the classifier compare it with the rest
categories.
When the classifier completes the classification process, it traverses all directories to count:
True positive (TP): the outcome is correctly classified as positive.
True negative (TN): the outcome is correctly classified as negative.
False positive (FP):the outcome is incorrectly classified as positive when it is negative.

False negative (FN): the outcome is incorrectly classified as negative when it is positive.



Insert the File
Total pages = File. Length ()
ings pages counter =0, rest of categor

Move this page to Earrings
folder;
Earrings_page_counter=

compare this page IF the
with the rest Pag_e is
categories Earrings

Update DB, collect the results

Total pages = Total pages - 1

Fig 2: Testing Phase Steps

There are standard measures to evaluate the performance of Web classification such as precision,
recall, true positive rate, false positive rate, overall accuracy and F;-measures [26]. The higher recall
refers the smaller amount of missed categories. In theory, the scores of 1 are desirable for both precision
and recall. In the practice, the even human assigned classifications can only achieve scores between 0.7
and 0.9; this is depending on the classification task.

Precision = TP @
recision = 0
Recall = L (5)
T TP ¥ FN
. T
True Positive (TP)Rate = TN+ FP (6)
False Positive (FP)Rate = TN £ FP @)

TP + TN
Overall Accuracy = TP + TN + FP + FN ®)

The F;-measure is the harmonic combines or average precision and recall with equal importance into a
single parameter for optimization and is defined as equation (9)

2 * Precision * Recall
F1 =

(9)

Precision + Recall



6. Experimental Results

In order to evaluate the efficiency of the classifiers discussed above, several experiments are
conducted. Our experiments are done using C # programming languageon an Intel Core i5, RAM 4 GB
laptop running Microsoft Windows 8 and use SQL server 2008 .

6.1.Data set

The Reuters-21578, which is considered as the standard Reuters for automatic document
categorization systems [25], is used as a data set in the training and classification phases. The documents
in Reuters-21578 have been collected from the Reuter's newswire in 1987.This data set consists of
21,578 Web pages which are distributed among 135 categories. We selected the categories that have
largest repeated count (five category descriptions of Web pages), namely (Earrings, Merger, Money,
Grain and Crude Qil) which contain 10.000 Web pages. Randomly, 30% of these Web pages are used in
the training phase and the rest (70% of these Web pages) are used in the classification and testing phases.

6.2. Training time

Figure 3 and Table 1 illustrate the measured execution time (in second) of the training process using
Naive Bayesian, K-Nearest Neighbor and Support Vector Machine algorithms. In our implementation,
the Web page title, body and both body and title (BT) are used in the training process. As can be seen in
Figure 3 and Table 1, the execution time of the training process using Naive Bayesian is smaller than
both k-Nearest Neighbor and Support Vector Machine. The execution time of Support Vector Machine is
greater than the K-Nearest Neighbor.

Tablel. Execution Time of training process measured in seconds

Text Source BAYES SVM KNN
TITLE 0.054 18.649 1.304
BODY 0.163 |239.201 | 35.334
Body and Title (BT) 0.362 |466.646 | 71.246
100
S 10
z
.agJ 1 — 1 —1
h SVM KNN
W TITLE
0.1
— H BODY
0.01 BT
classifier

Fig3. The execution time of the training process.




6.3. Evaluation Experiments

6.3.1. Experiment 1: Testing using Naive Bayesian Classifier
In this section, we apply the Naive Bayesian technique (NB) using dataset selected randomly

from testing data set. We have 3 test cases (title, body and, body and title (BT)). Table 2 contains the
obtained true positive (TP) rate, false positive (FP) rate, precision, recall and F-measure after applying
naive Bayesian technique on each category. The Table 2 also contains the calculated overall accuracy
(using equation 8) and execution time in the case of using title, body and BT.

Table 2. Testing process using Naive Bayesian (NB)

TP Rate FP Rate Precision Recall F-Measure

Earning 0.978 0.192 0.818 0.978 0.891
Merger 0.794 0.022 0.941 0.794 0.861
m Money 0.729 0.022 0.733 0.729 0.721
P Grain 0.701 0 1 0.701 0.824
F Crude Oil 0.62 0.008 0.876 0.92 0.726
Average 0.765 0.049 0.874 0.765 0.807

Overall accuracy 0.9420317
Earning 0.89 0.001 0.999 0.89 0.941
Merger 0.993 0.236 0.656 0.993 0.79
> Money 0.535 0 0.989 0.535 0.695
8 Grain 0.511 0 1 0.511 0.676
o0 Crude Oil 0.403 0.005 0.869 0.403 0.551
Average 0.666 0.049 0.903 0.666 0.731

Overall accuracy 0.9327386
Earning 0.894 0.001 0.999 0.894 0.944
Merger 0.995 0.25 0.938 0.995 0.778
Money 0.5 0.001 0.987 0.5 0.664
5 Grain 0.446 0 1 0.446 0.617
Crude Oil 0.379 0.003 0.914 0.379 0.536
Average 0.643 0.051 0.908 0.643 0.707

Overall accuracy 0.9291606

As can be seen in Table 2, the overall accuracy of the classification process using Web Title (94.20%)
is better than the classification using Web Body (93.27%) and BT (92.92%). The average F-measure
values of the classification process in the case of using Title, Body and BT are 80.7%, 73.1% and
70.7% respectively.

6.3.2. Experiment 2. Testing using Support Vector Machine Classifier
In this section, the support vector machine (SVM) is used to classify the considered Web page
categories.

Table3. Testing process using Support vector Machine (SVM)

[ 1 TPRate FP Rate Precision Recall F-Measure

Earning 0.976 0.065 0.929 0.976 0.952
Merger 0.94 0.034 0.924 0.94 0.932
w Money 0.791 0.002 0.97 0.791 0.872
e Grain 0.872 0.003 0.961 0.872 0.914
= Crude Oil 0.817 0.007 0.911 0.817 0.861
Average 0.879 0.022 0.939 0.879 0.906

Overall accuracy 0.9722772
Earning 0.998 0.003 0.997 0.998 0.998
Merger 0.988 0.004 0.991 0.988 0.99
> Money 1 0.003 0.961 1 0.98
8 Grain 0.986 0 1 0.986 0.993
m Crude Oil 0.965 0.001 0.988 0.965 0.976
Average 0.987 0.002 0.987 0.987 0.987

Overall accuracy 0.9967828
Earning 0.999 0.006 0.993 0.999 0.996
Merger 0.981 0.002 0.996 0.981 0.988
Money 0.994 0.003 0.966 0.994 0.98
'5 Grain 0.986 0 0.993 0.986 0.989
Crude Oil 0.972 0.002 0.972 0.972 0.972
Average 0.987 0.003 0.984 0.987 0.985

Overall accuracy 0.9961045




Table4. Testing process using hybrid Naive Bayesian and Support Vector Machine (NB + SVM)

[ T TPRate FP Rate Precision Recall F-Measure

Earning 0.977 0.065 0.928 0.977 0.952
Merger 0.942 0.033 0.929 0.942 0.935
m Money 0.775 0.002 0.97 0.775 0.862
I_—' Grain 0.867 0.002 0.959 0.867 0.911
F Crude Oil 0.824 0.008 0.901 0.824 0.861
Average 0.877 0.022 0.938 0.877 0.904

Overall accuracy 0.972363
Earning 0.998 0.004 0.995 0.998 0.997
Merger 0.988 0.005 0.99 0.988 0.989
> Money 0.994 0.003 0.961 0.994 0.977
8 Grain 0.986 0 0.993 0.986 0.989
o0 Crude Oil 0.956 0 0.994 0.956 0.975
Average 0.984 0.003 0.987 0.984 0.985

Overall accuracy 0.996211
Earning 0.999 0.006 0.994 0.999 0.996
Merger 0.983 0.001 0.997 0.983 0.99
Money 0.994 0.003 0.966 0.994 0.98
5 Grain 0.986 0 0.993 0.986 0.989
Crude Oil 0.978 0.002 0.978 0.978 0.978
Average 0.988 0.002 0.985 0.988 0.987

Overall accuracy 0.9964586

As can be seen in Table 3, the overall accuracy of the considered classifier in the case of using
Web Body(99.68%) is better than using Web title (97.22%) and BT (99.61%). The average F-measure
values of the classification process in the case of using Title, Body and BT are 90.6%, 98.7% and
98.5% respectively. The experimental results of using hybrid naive Bayesian and support vector
machine classifiers are given in Table 4. In our implementation, the naive Bayesian classifier is used
in the feature selection process then the support vector machine is used to classify the Web pages.

As can be seen in this Table, the overall accuracy of the considered hybrid classifier in the case of
using BT (99.65%) is better than using Web Body (99.62%)and Web title (97.24%). The average F-
measure of the considered hybrid classifier in the case of using title, body and BT are 90.4%, 98.5%
and 98.7% respectively. Table 2 and 4 illustrate that there is an improvement in the overall accuracy
and F-measure in the case of using hybrid naive Bayesian and support vector machine compared with
using naive Bayesian alone.

6.3.3. Experiment 3. Testing using K-Nearest Neighbor Classifier
In this section, the K-Nearest Neighbor is used to classify the considered Web page categories.
Tableb. Testing process using K-Nearest Neighbor (KNN)

_ TP Rate FP Rate Precision Recall F-Measure
Earning 0.983 0.29 0.806 0.983 0.885
Merger 0.684 0.023 0.928 0.684 0.787
w Money 0.647 0.01 0.833 0.647 0.729
E Grain 0.787 0.004 0.924 0.787 0.85
= Crude Oil 0 0 0 0 0
Average 0.62 0.065 0.698 0.62 0.65
Overall accuracy 0.9361362
Earning 0.998 0.035 0.968 0.9988 0.983
Merger 0.957 0.005 0.989 0.957 0.973
> Money 0.97 0.004 0.953 0.97 0.962
8 Grain 0.939 0.001 0.984 0.939 0.961
o0 Crude Oil 0 0 0 0 0
Average 0.773 0.009 0.779 0.773 0.776
Overall accuracy 0.989906
Earning 0.996 0.054 0.952 0.996 0.974
Merger 0.931 0.007 0.985 0.931 0.957
Money 0.955 0.004 0.949 0.955 0.952
E Grain 0.945 0.001 0.984 0.945 0.964
Crude Oil 0 0 0 0 0
Average 0.765 0.013 0.774 0.765 0.769
Overall accuracy 0.9857434
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Table 6. Testini Erocess using hybrid Naive Bayesians and k-Nearest Neighbor(NB + KNN)

TP Rate FP Rate Precision Recall F-Measure

Earning 0.994 0.104 0.903 0.904 0.946
Merger 0.904 0.011 0.974 0.904 0.937
w Money 0.841 0.007 0.907 0.841 0.873
|:' Grain 0.849 0 1 0.849 0.918
F Crude Oil 0.807 0 1 0.807 0.893
Average 0.879 0.024 0.957 0.879 0.914

Overall accuracy 0.973359
Earning 1 0.022 0.979 1 0.989
Merger 0.964 0.001 0.997 0.964 0.98
> Money 0.994 0.005 0.947 0.994 0.97
8 Grain 0.95 0.001 0.993 0.95 0.971
o0 Crude Oil 0.96 0 1 0.96 0.98
Average 0.974 0.006 0.983 0.974 0.978

Overall accuracy 0.9933333
Earning 1 0.03 0.971 1 0.985
Merger 0.956 0.001 0.998 0.956 0.977
Money 0.982 0.004 0.959 0.982 0.97
',5 Grain 0.961 0.001 0.992 0.961 0.976
Crude Oil 0.958 0 1 0.958 0.978
Average 0.971 0.007 0.984 0.971 0.977

Overall accuracy 0.9922854

As can be seen in Table 5, the overall accuracy of the considered classifier in the case of using Web
Body(98.99%) is better than using Web title (93.61%) and BT (98.57%). The average F-measure
values of the classification process in the case of using Title, Body and BT are 65%%, 77.6% and
76.9% respectively. The experimental results of using hybrid Naive Bayesian and K-Nearest
Neighbor Classifiers are given in Table 6. In our implementation, the Naive Bayesian classifier is
used to classify the Web pages then the k-nearest neighbor is used to classify all Web pages that
classified incorrectly again.

As can be seen in Table 6, the overall accuracy of the considered hybrid classifier in the case of
using Body (99.33%) is better than using Web title (97.34%) and Web BT (99.23%). The average f-
measure of the considered hybrid classifier in the case of using title, body and BT are 91.4%, 97.8%
and 97.7% respectively. Table 2, 5 and 6 illustrate that the overall accuracy and F-measure of hybrid
the Naive Bayesian classifier andK-Nearest Neighbor is better than the overall accuracy and F-
measure of both the Naive Bayesian alone and K-Nearest Neighbor alone.

6.3.4. Experiment 4. Testing using hybrid Naive Bayesian, K-Nearest Neighbor and Support
Vector Machine.

In this section, the experimental results of using hybrid Naive Bayesian, K-Nearest Neighbor and
Support Vector Machine classifiers are given in Table 7.

Table7. Testing process using hybrid Naive Bayesian, k-nearest neighbor and Support Vector
Machine (NB + KNN + SVM)

TP Rate FP Rate Precision Recall F-Measure
Earning 0.995 0.048 0.949 0.995 0.972
Merger 0.972 0.006 0.987 0.972 0.979
w Money 0.881 0.001 0.979 0.881 0.927
E Grain 0.949 0 1 0.494 0.974
= Crude Oil 0.897 0 1 0.897 0.946
Average 0.939 0.011 0.983 0.939 0.959
Overall accuracy 0.987695

Earning 1 0 1 1 1

> Merger 1 0 1 1 1
8 Money 1 0.002 0.982 1 0.991
] Grain 0.986 0 1 0.986 0.993
Crude Oil 0.994 0 1 0.994 0.997
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TP Rate FP Rate Precision Recall F-Measure
Average 0.996 0 0.996 0.996 0.996
Overall accuracy 0.9994294
Earning 1 0.001 0.999 1 1
Merger 0.998 0 1 0.998 0.999
Money 1 0 1 1 1
5 Grain 1 0 1 1 1
Crude Oll 1 0 1 1 1
Average 1 0 1 1 1
Overall accuracy 0.9998134

The experimental results of using hybrid Naive Bayesian, Support Vector Machine and K-Nearest
Neighbor classifiers are given in Table 7. In this implementation, the naive Bayesian classifier is used
in the feature selection process then the support vector machine is used to classify the Web pages. At
the end of this step, the accuracy rate of the classifier is calculated. According, some of the Web pages
are classified correctly and the other are classified incorrectly. The Web pages that classified
incorrectly are classified again by K-Nearest Neighbor algorithm.

As can be seen in this Table and Table 8, the overall accuracy of the considered hybrid classifier in
the case of using BT (both body and title) (99.98%) is better than using Web Body (99.94%) and Web
title (98.78%). The average f-measure of the considered hybrid classifier in the case of using title,
body and BT are 95.9%, 99.6% and 1% respectively. Comparing table 7 with the rest of the tables, it
is clear that there is an improvement in the overall accuracy and F-measure from using the naive
Bayesian classifier or support vector machine classifier or K-Nearest Neighbor classifier.

Table 8. The Overall Accuracy of each Technique
Overall accuracy Overall accuracy of  Overall accuracy

Technique of TITLE BODY of BT
BAYES 0.942032 0.93274 0.92913
SVM 0.972277 0.99678 0.9961
KNN 0.936136 0.98991 0.98574
NB & SVM 0.972363 0.99621 0.99646
NB & KNN 0.973359 0.99333 0.99229
NB & SVM& KNN 0.987695 0.99943 0.99981

7. Conclusion

In this paper, an automatic Web page classification system is introduced. The proposed system tries to
increase the accuracy of a web page classification via combine the well-known Naive Bayesian
algorithm, Support Vector Machine and K-Nearest Neighbor. The experimental results shows that the
performance of classifying web page by hybrid Naive Bayesian classifier, Support Vector Machine
and K-Nearest Neighbor algorithm is better than using Naive Bayesian alone as always used to get the
highest and fastest classifier or using K-Nearest Neighbor alone or using Support Vector Machine
alone to reduce the false positive rate and get highest accuracy. The experimental results, applied on
10.000 web pages (30% for training process and 70% for testing process), showed a high efficiency
with the less number of false positive rate (on average) 0%, the true positive rate (on average) 1%,
F-measure (on average) 1% and overall accuracy rate (on average) 99.98%. There are still many
issues to be considered in the future work. Some instances of these issues are: using parallel
programming to decrease the time taken, using unsupervised machine learning, using other machine
learning methods such as neural network compare with our work, also we will study how we use our

system to classify images or videos or audios.
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