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Abstract
As the Web continues to grow, it has become increasingly difficult to search for relevant information using traditional search
engines. Topic-specific search engines provide an alternative way to support efficient information retrieval on the Web by providing
more precise and customized searching in various domains. However, developers of topic-specific search engines need to address two
issues: how to locate relevant documents (URLs) on the Web and how to filter out irrelevant documents from a set of documents
collected from the Web. This paper reports our research in addressing the second issue. We propose a machine-learning-based
approach that combines Web content analysis and Web structure analysis. We represent each Web page by a set of content-based and
link-based features, which can be used as the input for various machine learning algorithms. The proposed approach was implemented
using both a feedforward/backpropagation neural network and a support vector machine. Two experiments were designed and
conducted to compare the proposed Web-feature approach with two existing Web page filtering methods — a keyword-based
approach and a lexicon-based approach. The experimental results showed that the proposed approach in general performed better than
the benchmark approaches, especially when the number of training documents was small. The proposed approaches can be applied in
topic-specific search engine development and other Web applications such as Web content management.
© 2007 Elsevier B.V. All rights reserved.
Keywords: Web page classification; Link analysis; Machine learning; Web mining

1. Introduction
The most popular way to look for information on the
Web is to use Web search engines such as Google (www.
google.com) and AltaVista (www.altavista.com). Many
users begin their Web activities by submitting a query to
a search engine. However, as the size of the Web is still
growing and the number of indexable pages on the Web
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has exceeded eight billion, it has become more difficult
for search engines to keep an up-to-date and comprehensive search index. Users often find it difficult to
search for useful and high-quality information on the
Web using general-purpose search engines, especially
when searching for specific information on a given topic.
Many vertical search engines, or topic-specific
search engines, have been built to facilitate more efficient searching in various domains. These search
engines alleviate the information overload problem to
some extent by providing more precise results and more
customized features [11]. For example, LawCrawler
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(www.lawcrawler.com) allows users to search for legal
information and provides links to lawyers and legal
information and to relevant government Web sites.
BuildingOnline (www.buildingonline.com) is a specialized search engine for the building industry, where users
can search by manufacturers, architects, associations,
contractors, etc. BioView.com (www.bioview.com) and
SciSeek (www.sciseek.com) are two other examples
that focus on scientific domains.
Although they provide a promising alternative for
users, these vertical search engines are not easy to build.
There are two major challenges to building vertical
search engines: (1) How to locate relevant documents on
the Web? (2) How to filter irrelevant documents from a
collection? This study tries to address the second issue
and to propose new approaches. The remainder of the
paper is structured as follows. Section 2 reviews existing
work on vertical search engine development, text
classification, and Web content and structure analysis.
In Section 3 we discuss some problems with existing
Web page filtering approaches and pose our research
questions. Section 4 describes in detail our proposed
approach. Section 5 describes an experiment designed to
evaluate our approach and presents experimental results.
In Section 6, we conclude our paper with some
discussion and suggestions for future research directions.
2. Research background
2.1. Building vertical search engines
A good vertical search engine should contain as many
relevant, high-quality pages and as few irrelevant, lowquality pages as possible. Given the Web's large size and
diversity of content, it is not easy to build a comprehensive and relevant collection for a vertical search engine.
There are two main problems:
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protocols [9,13,15]. These spiders use different algorithms to control their search. To address the first problem
mentioned above, the following methods have been used
to locate Web pages relevant to a particular domain:
• The spiders can be restricted to staying in particular
Web domains, because many Web domains have
specialized contents [36,50]. For example, most Web
pages within the domain www.toyota.com will be
relevant to automobiles.
• Some spiders are restricted to collecting only pages at
most a fixed number of links away from the starting
URLs or starting domains [36,45]. Assuming that
nearer pages have higher chances of being relevant,
this method prevents spiders from going too “far
away” from the starting domains.
• More sophisticated spiders use more advanced graph
search algorithms that analyze Web pages and
hyperlinks to decide what documents should be
downloaded. Cho et al. [16] proposed a best-first
search spider that used PageRank as the ranking
heuristic; URLs with a higher PageRank scores will be
visited first by the spider. The spider developed by
McCallum et al. [38] used reinforcement learning to
guide their spiders to retrieve research papers from
university Web sites. Focused Crawler locates Web
pages relevant to a pre-defined set of topics based on
example pages provided by the user. In addition, it also
analyzes the link structures among the Web pages
collected [7]. Context Focused Crawler uses a Naïve
Bayesian classifier to guide the search process [19]. A
Hopfield Net spider based on spreading activation also
has been proposed [8,10]. Page content scores and link
analysis scores are combined to determine which URL
should be visited next by the spider. The spider was
compared with a breadth-first search spider and a bestfirst search spider using PageRank as the heuristics,
and the evaluation results showed that the Hopfield
Net spider performed better than the other two.

• The search engine needs to locate the URLs that
point to relevant Web pages. To improve efficiency, it
is necessary for the page collection system to predict
which URL is the most likely to point to relevant
material and thus should be fetched first.
• After the Web pages have been collected, the search
engine system needs to determine the content and
quality of the collection in order to avoid irrelevant or
low-quality pages.

While these methods have different levels of performance in efficiency and effectiveness, in most cases the
resulting collection is still noisy and needs further
processing. Filtering programs are needed to eliminate
irrelevant and low-quality pages from the collection to be
used in a vertical search engine. The filtering techniques
used can be classified into the following four categories:

Search engines usually use spiders (also referred to as
Web robots, crawlers, worms, or wanderers) as the
software to retrieve pages from the Web by recursively
following URL links in pages using standard HTTP

• Domain experts manually determine the relevance of
each Web page (e.g., Yahoo) [30].
• In the simplest automatic procedure, the relevance of
a Web page can be determined by the occurrences of
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particular keywords [16]. Web pages are considered
relevant if they contain the specified keyword, and
are considered irrelevant otherwise.
• TFIDF (term frequency ⁎ inverse document frequency)
is calculated based on a lexicon created by domainexperts. Web pages are then compared with a set of
relevant documents, and those with a similarity score
above a certain threshold are considered relevant [2].
• Text classification techniques such as the Naive
Bayesian classifier also have been applied to Web
page filtering [5,38].
To our surprise, it appears that some vertical search
engines do not perform filtering; they assume that most
pages found in the starting domains (or at a specified
depth) are relevant, e.g., NanoSpot (www.nanospot.com)
[11].

In addition to general text documents, classification
of Web pages also has been studied. Web pages are often
noisy, but they provide additional information about
each document. For example, terms marked with
different HTML tags (such as titles or headings) can be
assigned a higher weight than regular text [34]. Terms
from neighborhood Web pages also have been used in
attempt to improve classification performance. However, it turns out to worsen performance because there are
often too many neighbor terms and too many crosslinkages between different classes [5,52]. Use of other
information about neighborhood Web pages has been
proposed. Examples of such information include the
predicted category of a page's neighbors [5,40], anchor
text pointing to a page [21], or a page's outgoing links to
all other documents [25]. It has been shown that using
such additional information improves classification
results.

2.2. Text classification
2.3. Analysis of Web content and structure
Text classification is the study of classifying textual
documents into predefined categories. The topic has
been extensively studied at SIGIR conferences and
evaluated on standard testbeds. There are a number of
major approaches. For example, the Naive Bayesian
method has been widely used [28,33,38]. It uses the joint
probabilities of words and categories to estimate the
probability that a given document belongs to each
category. Documents with a probability above a certain
threshold are considered relevant to that category.
The k-nearest neighbor method is another popular
approach to text classification. For a given document, the
k neighbors that are most similar to a given document are
first identified [22,37]. The categories of these neighbors
are then used to decide the category of the given
document. A threshold is also used for each category.
Neural network programs, designed to model the
human neural system and learn patterns by modifying
the weights among nodes based on learning examples,
also have been applied to text classification. Feedforward/backpropagation neural network (FF/BP NN) is
usually used [31,39,49]. Term frequencies or TFIDF of
the terms are used as the input to the network. Based on
learning examples, the network can be trained to predict
the category of a document.
Another new technique used in text classification is
called support vector machine (SVM), an approach that
tries to find a hyperplane that best separates two classes
[47,48]. Joachims first applied SVM to a text classification problem [23]. It has been shown that SVM
achieved the best performance among different classifiers on the Reuters-21578 data set [20,44,51].

There has been much research on different ways of
representing and analyzing the content and structure of
the Web. In general, they can be classified into two
categories: content-based and link-based. The two
approaches are discussed in the following.
2.3.1. Content-based approaches
The actual HTML content of a Web page provides
much useful information about the page itself. For
example, the body text of a Web page can be analyzed to
determine whether the page is relevant to a target
domain. Indexing techniques can be used to extract the
key concepts that represent a page. Information extracted
from a document using various techniques can be useful
for text classification [42]. In addition, the relevance of a
page can often be determined by looking at the title.
Words and phrases that appear in the title or headings in
the HTML structure are usually assigned a higher
weight. Such weights can be calculated based on the
TFIDF scores discussed earlier.
Domain knowledge also can be incorporated into the
analysis to improve results. Domain knowledge refers to
expert knowledge such as domain-specific lexicon or
rules, often obtained from human experts. For example,
words in Web pages can be checked against a list of
domain-specific terms. A Web page containing words
that are found in the list can be considered more relevant.
The URL address of a Web page often contains useful information about the page. For example, from the
URL “http://ourworld.compuserve.com/homepages/
LungCancer/”, we can tell that it comes from the domain
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compuserve.com, and that it is likely to be related to the
topic Lung Cancer. We also know that this page comes
from a .com site, which may be considered less authoritative than pages from a .gov site. Some metrics also
consider URLs with fewer slashes to be more useful than
those with more slashes [1].
2.3.2. Web structure analysis
In recent years, Web link structure has been widely
used to infer important information about pages.
Intuitively, the author of a Web page A places a link to
Web page B if he or she believes that B is relevant to A,
or of good quality. Usually, the larger the number of inlinks, the better a page is considered to be. The rationale
is that a page referenced by more people is likely to be
more important than a page that is seldom referenced.
One can also obtain the anchor text that describes a link.
Anchor text is the clickable text of an outgoing link in a
Web page. Anchor text may provide a good description
of the target page because it represents how other people
who have linked to the page actually describe it.
In addition, it is reasonable to give a link from an
authoritative source (such as Yahoo) a higher weight
than a link from an unimportant personal homepage.
Researchers have developed several methods to incorporate this into link analysis. Among these algorithms,
PageRank and HITS are the two most widely used.
The PageRank algorithm is computed by weighting
each in-link to a page proportionally to the quality of the
page containing the in-link [3]. The quality of these
referring pages also is determined by PageRank. Thus,
the PageRank of a page p is calculated recursively as
follows:
PageRankðpÞ ¼ ð1  dÞ þ d
X




all q linking to p

PageRankðqÞ
cðqÞ



where d is a damping factor between 0 and 1,c(q) is the
number of out-going links in q.
Intuitively, a Web page has a high PageRank score if
the page is linked from many other pages, and the scores
will be even higher if these referring pages are also good
pages (pages that have high PageRank scores). It is also
interesting to note that the PageRank algorithm follows a
random walk model. The PageRank score of a page is
proportional to the probability that a random surfer clicking on random links will arrive at that page. Applied in the
commercial search engine Google, this score has been
shown to be very effective for ranking search results [3].
Computation time, however, is a main problem in using
PageRank. The PageRank score of each Web Page has to
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be calculated iteratively, making it computationally
expensive.
Kleinberg [26] proposed a measure called the HITS
(Hyperlink-Induced Topic Search) algorithm, which is
similar to PageRank. In the HITS algorithm, authority
pages are defined as high-quality pages related to a
particular topic or search query. Hub pages are those that
are not necessarily authorities themselves but that
provide pointers to other authority pages. A page to
which many others point should be a good authority, and
a page that points to many others should be a good hub.
Based on this intuition, an authority score and a hub
score can be calculated for each Web page as follows:
X
AuthorityScoreðpÞ ¼
ðHubScoreðqÞÞ
all q linking to p

HubScoreðpÞ ¼

X

ðAuthorityScoreðrÞÞ

all r linking to p

A page with a high authority score is one pointed to by
many hubs, and a page with a high hub score is one that
points to many authorities. One example that applies the
HITS algorithm is the Clever search engine [6], which
has achieved a higher user evaluation than the manually
compiled directory of Yahoo.
3. Research questions
Based on the review, we identified several problems
with traditional approaches to Web page filtering. Firstly,
a manual approach is very labor-intensive and timeconsuming. Although such approach can achieve high
quality, it is usually not feasible under limited resources.
The keyword-based and the lexicon-based approaches
can automate the process, but they both have shortcomings. A simple keyword-based approach cannot deal
with problem of polysemy, i.e., words having more than
one semantic meaning. For example, a Web page
containing the word cancer might well be a medical
report about treatment for lung cancer or the horoscope
for people born under the zodiac sign of cancer. As a
result, this approach can easily fail to eliminate irrelevant
pages, thus lowering precision. On the other hand, as
people often use different terms to refer to the same
concept, e.g., lung cancer and lung neoplasm, this
approach also can easily miss out relevant pages, thus
lowering recall. The lexicon-based approach, which used
the TFIDF-based similarity score between each document and a given domain lexicon, alleviates the problem
by considering all terms in the documents. However,
TFIDF calculation can be biased by the collection; if the
collection is “noisy”, irrelevant terms can possibly get a
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very high IDF score and thus a high TFIDF score. In
addition, both the keyword-based and the lexicon-based
approaches do not robustly resist text spamming, a
popular practice in which Web page authors manipulate
their page content to boost ranking.
Using text classifiers for Web page filtering seem to be
the most promising approach, given their good performance in traditional text classification. However, one
problem is that most classifiers were evaluated using at
least 2/3 of the data for training in the hold-out sampling
method. The problem becomes even worse in other
evaluation methods such as k-fold cross-validation and
leaving-one-out [27,43], in which (100 − k)% of the data
and all but one instance, respectively, were used for
training. It is not feasible to obtain so large a set of training
data in vertical search engine creation because usually
only a small number of documents are tagged for
classifying a large number of documents. It would be
very expensive and time-consuming to tag a large number
of documents manually. Also, most existing text classification techniques do not make use of domain knowledge, which is important in vertical search engines.
On the other hand, the hyperlink structure of the Web
has been studied and applied with considerable success
in Web structure mining research. For example, the
PageRank and HITS algorithms have been widely used
in Web search result ranking. These techniques can help
identify Web pages with high quality and relevance
[3,26]. In addition, such techniques can help identify
Web pages that are in the same community and thus the
same domain [29]. These issues are exactly those that
need to be addressed in Web page filtering applications.
However, the application of these Web structure mining
techniques in Web page filtering has not been much
investigated. It would be an interesting research question
to study the effectiveness of using Web structure mining
in Web page filtering.
In this study, the following research questions are
investigated: (1) Can Web structure analysis techniques be
used to help create a vertical search engine? (2)
Can domain knowledge be used to enhance Web page
filtering for a vertical search engine? (3) Can Web page
classification be applied to a large collection (e.g., a
million documents) with only a small number (a few
hundred) of training examples?
4. A Web-feature approach
To address the problems with current approaches in
Web page filtering, we propose an approach that incorporates Web content and structure analysis into Web
filtering. Instead of representing each document as a bag

of words, each Web page is represented by a limited
number of content and link features. This reduces the
dimensionality (the number of attributes used) of the
classifier and thus the number of training examples
needed. The characteristics of Web structure also can be
incorporated into these “Web features.”
Based on our review of existing literature, we determined that in general, the relevance and quality of a Web
page can be reflected in the following aspects: (1) the
content of the page itself, (2) the content of the page's
neighbor documents, and (3) the page's link information.
Several features are defined for each aspect.
4.1. Page content
The content of a page is probably the primary factor in
determining whether a page is relevant to a given domain.
As mentioned earlier, we represented the content of each
page by a set of feature scores rather than a vector of
words. We adopted an automatic approach that extracted
all the terms from a page and compared them with a
domain lexicon, similarly to the method used in Baujard et
al. [2]. We looked at both the number of relevant terms
that appeared in the page title and the TFIDF scores of the
terms that appeared in the body of the page. Two feature
scores were defined:
1. Title(p) = Number of terms in the title of page p found
in the domain lexicon
2. TFIDF(p) = Sum of TFIDF of the terms in page p
found in the domain lexicon.
4.2. Page content of neighbors
To incorporate the page content of the neighbors of a
page, a score from each neighborhood document can be
used instead of including all the terms from neighborhood documents, which appears to be more harmful than
helpful [5,52]. In our approach, three types of neighbors
were considered: incoming, outgoing, and sibling [5].
For any page p, incoming neighbors (parents) are the set
of all pages that have a hyperlink pointing to p. Outgoing
neighbors are pages whose hyperlinks are found in p.
Sibling pages are those pages that are pointed by any of
the parents of p. An example is shown in Fig. 1. In the
example, pages a, b, and c are incoming neighbors of p;
pages f and g are outgoing neighbors of p, and pages d
and e are siblings of p.
Two content scores (title and TFIDF scores) of the
neighborhood documents were determined similarly to
those created in the previous aspect. Six features were
used: the averages of the two scores for all incoming
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6. Anchor(p) = Number of terms in the anchor texts
describing page p found in the domain lexicon
4.4. FF/BP NN Text classifier

Fig. 1. Examples of incoming, outgoing, and sibling pages.

neighbors, the averages for all outgoing neighbors, and
the averages for all siblings.
1. InTitle(p) = Average(number of terms in the title of
page q found in the domain lexicon) for all incoming
pages q of p
2. InTFIDF(p) = Average(sum of TFIDF of the terms in
page q found in the domain lexicon) for all incoming
pages q of p
3. OutTitle(p) = Average(number of terms in the title of
page r found in the domain lexicon) for all outgoing
pages r of p
4. OutTFIDF(p) = Average(sum of TFIDF of the terms
in page r found in the domain lexicon) for all outgoing pages r of p
5. SiblingTitle(p) = Average(number of terms in the title
of page s found in the domain lexicon) for all sibling
pages s of p
6. SiblingTFIDF(p) = Average(sum of TFIDF of the
terms in page s found in the domain lexicon) for all
sibling pages s of p
4.3. Link analysis
Connectivity (link analysis) was used to represent the
quality of a page. Link analysis, such as number of inlinks, HITS and PageRank, have been useful in many
Web applications such as search result ranking [3,6], but
have not been used in text classification. To incorporate
link analysis scores in our filtering approach, six scores,
namely hub score, authority score, PageRank score,
number of in-links, number of out-links, and number of
relevant terms in the anchor texts, were used as features.
1. Hub(p) = Hub score of page p calculated by the HITS
algorithm
2. Authority(p) = Authority score of page p calculated
by the HITS algorithm
3. PageRank(p) = PageRank score of page p
4. Inlinks(p) = Number of incoming links pointing to p
5. Outlinks(p) = Number of outgoing links from p

In total, 14 features have been identified and can be
used as the input values to a classifier. We used a neural
network (NN) [12,35] and a support vector machine
(SVM) [47,48] as our classifiers. A feedforward/backpropagation neural network (FF/BP NN) had been adopted
because of its robustness and wide usage in classification
[31,39,49]. The algorithm used is summarized as follows:
4.4.1. Initializing the network
A neural network was first created with three layers,
namely the input layer, the hidden layer, and the output
layer. The input layer of the neural network consisted of a
threshold unit and 14 nodes that corresponded to the
14 feature scores of each page. The output layer
consisted of a single output node which determined the
relevance of a page (whether or not a Web page should be
included in the vertical search engine). The number of
nodes in the hidden layer was set at 16 and the learning
rate at 0.10. These parameters had been set based on
some initial experimentation using a small subset of our
data. The parameters that achieved the best performance
were used throughout the experiment.
4.4.2. Training and tuning the network
The training documents were passed to the network
for learning (the method of selecting the training set will
be discussed in Section 5.5). The training documents
were then further divided into two sets: 80% of the
documents were used for training and 20% were used for
tuning. The 14 features of each training document, as
well as a binary score representing whether the document
was relevant, were presented to the network. Each
feature score was normalized to a value between 0 and 1
using the sigmoidal function. The network then updated
the weights of its connection, based on the training
documents. After all training documents had passed
through the network once, the tuning documents were
presented to the network and the mean square error
(MSE) of the network was recorded. The whole process
was repeated 3000 times (i.e., 3000 epochs) and the
network with the lowest MSE was selected.
4.4.3. Testing
Each testing document was presented to the trained
network, which tried to predict whether the document
was relevant. The predictions were recorded and used to
calculate the performance measures.
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4.5. SVM Text classifier
In order to allow for a better comparison, a support
vector machine also was used because of its outstanding performance in traditional text classification [51]. It
performed classification based on the same set of
feature scores. Our SVM classifier involved the following steps:
4.5.1. Model selection
A linear kernel function had been chosen for our
SVM classifier because it is simple, learns quickly, and
has been shown to achieve performance comparable to
that of non-linear models like polynomial classifiers and
radial basis functions in text classification applications
[20,23].
4.5.2. Training
Each training example was represented as a vector of
the 14 features selected and presented to the SVM to
learn the feature weights.

The medical lexicon was created based on the
Metathesaurus, part of the Unified Medical Language
System (UMLS) developed by the National Library of
Medicine. About 600,000 medical phrases were
extracted from the Metathesaurus. The lexicon was
manually edited by a medical librarian and two filtering
programs were developed and applied to refine the
lexicon. The resulting lexicon has 300,442 unique terms.
To evaluate the proposed Web page classification
approaches, 1000 documents were randomly chosen
from the testbed. Each of these documents was processed
automatically to calculate its feature scores and keyword
vector. All other Web pages in the testbed were
accessible for content, neighbor and link analysis during
the process, meaning that such metrics as PageRank and
HITS scores were calculated over the entire set of
documents instead of just the 1000 chosen. Two graduate
students with medical training were also recruited to
classify each document manually as either “acceptable”
or “not acceptable” for a medical search engine.
5.2. Benchmark approaches

4.5.3. Testing
Similarly to the neural network algorithm, the SVM
tried to predict, on the basis of its classification model,
whether each document in the testing set was relevant to
the chosen domain. The results were recorded and used
for evaluation.
5. Evaluation
5.1. Experiment testbed
In order to evaluate the proposed approach, two
experiments that compared the proposed approaches
with traditional approaches were conducted. The
medical field was chosen as the domain for evaluation
because many diverse users (including medical doctors, researchers, librarians and general public) seek
important and high-quality information on health
topics on the Web. It is also important for them to
distinguish between Web pages of good and poor
quality [14].
A Web page testbed and a medical lexicon created in
previous research were used [8]. The Web page testbed
was built by running a random-first search that started
with 5 URLs in the medical domain and traversed the
Web following random outgoing links. The random-first
search was run until 1 million pages had been collected
and indexed. The testbed represented a typical collection
from simple Web spiders, and consisted of 1,040,388
valid, unique Web pages.

The proposed neural network approach (NN-WEB)
and support vector machine approach (SVM-WEB) were
compared against two benchmark approaches: (1) a
lexicon-based approach (LEXICON), and (2) a keywordbased support vector machine approach (SVM-WORD).
The lexicon-based approach was chosen because it is fast
and has been used in various information retrieval applications. The keyword-based SVM approach was selected
because it has been shown to achieve the best performance in traditional text classification problems [51].
The lexicon-based approach was adopted from
Baujard et al. [2]. TFIDF score was calculated for
those terms found in the medical lexicon. The Jaccard's
similarity score between every document in the training
set and the lexicon was calculated. Jaccard's score is one
of the most widely used similarity scores in information
retrieval [46]. A threshold that divided these training
documents into the two classes (relevant and irrelevant)
with the highest accuracy was determined. This threshold was then used for testing.
The second benchmark approach was a keyword-based
SVM approach adopted from Joachims's [23]. In the preprocessing stage, each document was first tokenized into
single words. Common functional terms that did not bear a
significant semantic meaning (e.g., a, of, and is) then were
filtered based on a pre-defined stop-word list. In order to
reduce the number of unique words and the vector size, we
also followed Joachims's design by applying suffixstripping (stemming) to the words, using Porter's stemmer
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[41]. After the pre-processing, each document was
represented as a keyword vector, which was used as the
input to the SVM for training and testing.
5.3. Implementation
All four approaches were implemented in order to
test their performances. In the lexicon-based approach,
the Arizona Noun Phraser (AZNP) was used to extract
noun phrases from each document and these phrases
were compared with the domain lexicon. The AZNP is a
tool that extracts all valid noun phrases from a
document, based on part-of-speech tagging and linguistic rules [53]. For the two approaches that rely on a
support vector machine, the SVM-light package was
used [24]. All other programs, including the feature
score calculation and the neural network algorithm,
were implemented in Java.
5.4. Hypotheses
Our experiment sought to compare the two Webfeature approaches with the two benchmark approaches.
We posed the following hypotheses:
H1. The keyword-based SVM approach (SVMWORD) will perform with higher effectiveness than
the lexicon-based approach (LEXICON).
We reasoned that a keyword-based approach should
be able to make better classification decisions by relying
on more keyword information.
H2. The two proposed Web-feature approaches (NNWEB and SVM-WEB) will perform with comparable
effectiveness.
We hypothesized that the two proposed approaches
should perform similarly because both neural network
and support vector machine have been widely used in
text classification applications and should achieve
comparable performance.
H3. The two proposed Web-feature approaches (NNWEB and SVM-WEB) will perform with higher
effectiveness than the two benchmark approaches, i.e.,
the keyword-based SVM approach (SVM-WORD) and
the lexicon-based approach (LEXICON).
This hypothesis tests the main thesis of this paper by
verifying whether the proposed approaches perform
better than the traditional approaches.
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H4. The lexicon-based approach and the two Webfeature approaches will require significantly fewer
training data to achieve a satisfactory performance
than the keyword-based approach (SVM-WORD).
We suggest that the lexicon-based and the Webfeature approaches require fewer training data because
they rely on only score(s) that should be similar across
Web pages. Only a small number of training samples
would be needed for the classifiers to learn the
importance of the scores. On the other hand, the
traditional keyword-based approach needs the occurrence of certain keywords in order to classify a
document. When the number of training documents is
small, it is likely that many words in the testing
documents have not been seen before and hence provide
no information for classification.
5.5. Experiment setup
Each of the four approaches was evaluated using
cross-validation, a widely-used evaluation methodology
for machine learning and text classification systems
[27,43]. A 50-fold cross validation was adopted, in
which the 1000 documents in the data set were divided
into 50 equal portions, with 20 documents each. Testing
was performed for 50 iterations, in each of which 49
portions of the data (980 documents) were used for
training and the remaining portion (20 documents) was
used for testing. The data were rotated during the
process such that each portion was used for testing in
exactly one iteration.
We measured the effectiveness of each system using
precision, recall, F-measure, and accuracy. Precision
measures the fraction of the documents correctly
classified as relevant, while recall measures the fraction
of relevant documents retrieved from the data set. Fmeasure is a single measure that tries to combine
precision and recall. Accuracy measures simply the
prediction correctness of the classifiers. These measures
are commonly used in text classification evaluation and
have been adopted as follows:
precision ¼

recall ¼

number of documents correctly classified as positive by the system
number of all documents classified as positive by the system

number of documents correctly classified as positive by the system
number of positive documents in the testing set

FQmeasure ¼

accuracy ¼

2  precision  recall
precision þ recall

number of documents correctly classified by the system
number of all documents in the testing set
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There are two popular ways to calculate the averages
across the data for these metrics, namely, macroaveraging and micro-averaging [4,18,23,32,51]. In
macro-averaging, the performance metrics are calculated
for each iteration, and the average of all iterations is
obtained. In micro-averaging, the average is calculated
across all the individual classification decisions made by
a system. Both averages were calculated in our experiment. In addition to effectiveness, we also recorded
the time used by each classifier in order to measure their
efficiencies.
5.6. Experiment results and discussions
5.6.1. Effectiveness
The experiment results on accuracy, precision, recall,
and F-measure are summarized in Table 1. Because Fmeasures represent a balance between precision and
recall, we focus our discussion on accuracy and F-measure. The results demonstrated that the lexicon-based
approach in general did not perform as well as the other
approaches; it achieved the lowest accuracy and Fmeasure. NN-WEB achieved the highest accuracy and
F-measure.
In order to study whether the differences among the
different approaches were statistically significant, two
statistical tests were adopted. The first was a micro signtest that looks at all the classification decisions individually and uses a binomial distribution to determine
whether the decisions made by any two approaches of
interest are significantly different [17]. The number of
observations n is defined to be the number of times that
the two systems made different classification decisions.
The second test was a macro t test that takes the performance of each iteration as an individual observation
in order to determine whether the performances of two
approaches are significantly different [51]. Our number
of observations was 50, since there were 50 iterations of
testing for each approach. The macro t test was applied to
both accuracy and F-measure.
The p-values of the micro sign-tests are shown in
Table 2. The results show that hypothesis H1 was supported as the keyword-based SVM approach performed

Table 2
Micro sign-test results
vs.

SVM-WORD

NN-WEB

SVM-WEB

LEXICON
SVM-WORD
NN-WEB

b0.00001

b0.00001
0.0972 a

b0.00001 b
0.3044
0.0095 b

a
b

b

b

The difference is statistically significant at the 10% level.
The difference is statistically significant at the 1% level.

better than the lexicon-based approach with a p-value
less than 0.00001. H3 was partly supported; both the
Web-feature approaches performed significantly better
than the lexicon-based approach, and the Web-feature
NN approach also performed significantly better than
keyword-based SVM approach. H2 was not supported,
since the Web-feature NN approach performed better
than the Web-feature SVM approach.
The p-values of the macro t-tests on accuracy and
F-measure are shown in Tables 3 and 4, respectively.
The results obtained were similar to those of the micro
sign-test. In general, H1 was supported as the keywordbased approach performed significantly better than
lexicon-based approach. H3 also was partly supported,
since the Web-feature NN approach performed better
than both benchmark approaches, but the Web-feature
SVM approach only performed better than the lexiconbased approach but no better than the keyword-based
approach. H2 was not supported; the Web-feature NN
approach performed better than the Web-feature SVM
approach. One possible reason is that because of the
limitation in resources and time, we were only able to use
the linear model in the SVM. It is possible that the
performance of both SVM approaches might improve if
a non-linear model could be adopted, which could be
more time-consuming, however.
5.6.2. Efficiency
We also recorded the time needed for each system to
perform the 50-fold cross validation (including both
training and testing time). The data are shown in
Table 5. As can be seen, the keyword-based SVM
approach required the longest time. The reason is that

Table 1
Experiment results

LEXICON
SVM-WORD
NN-WEB
SVM-WEB

Accuracy (%)

Precision (macro/micro) (%)

Recall (macro/micro) (%)

F-measure (macro/micro)

80.80
87.80
89.40
87.30

63.40/63.95
87.97/94.94
81.38/82.38
85.35/86.24

60.52/62.50
55.08/56.82
76.19/76.14
61.99/61.74

0.6005/0.6322
0.6646/0.7109
0.7614/0.7913
0.7049/0.7196
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Table 3
Macro t-test results on accuracy

Table 5
Time

vs.

SVM-WORD

NN-WEB

SVM-WEB

LEXICON
SVM-WORD
NN-WEB

b0.00001

b0.00001
0.1627

b0.0001
0.6091
0.0216 a

a
b

b
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b

b

The difference is statistically significant at the 5% level.
The difference is statistically significant at the 1% level.

each document was represented as a large vector of
keywords, which created a high dimensionality for the
classifier. In our experiment, there were more than 6000
unique words after stop-word removal and stemming.
The classifier had to learn the relationships between all
these attributes and the class attribute, thus requiring
more time. The lexicon-based approach used the least
time, as it needed only to calculate the TFIDF and
similarity scores for each document and determine the
threshold, both of which did not require complex processing. Comparing the two Web-feature approaches,
the NN classifier required a longer time than the SVM
classifier because the neural network had to be trained in
multiple epochs, i.e., in each iteration the training data
set had to be presented to the network thousands of
times in order to improve the network's performance.
5.6.3. Effect of the number of training examples
In order to analyze the effect of the number of training
examples on the performance, we ran the experiments on
the systems while varying the number of training data
used. We started with 20 documents in the first run, and
increased the number of training documents by 20 in
each subsequent run. There were thus 49 runs in total
(from 20 to 980 training documents). In each run, a
50-fold cross validation similar to the one described
above was used, and 20 documents were used for testing
with rotation. The macro-averaged F-measure for each
iteration was recorded and the results are shown in
Fig. 1.
From the graph shown in Fig. 2, we can see that the
performances of the lexicon-based approach and the two

Time (min)
LEXICON
SVM-WORD
NN-WEB
SVM-WEB

7.45
382.55
103.45
37.60

Web-feature approaches became relatively stable after
approximately 300, 140, and 260 training documents
were used respectively. For the keyword-based approach, however, performance was unstable until about
700 training documents had been used. This supported
our hypothesis H4 that fewer documents were needed for
the lexicon-based approach or the Web-feature
approaches to achieve a satisfactory performance. As
discussed earlier, this finding is especially important for
building vertical search engines as a large number of
training documents often is not unavailable.
6. Conclusion and future directions
In this paper, we have described a Web-feature approach to Web page classification that combines Web
content analysis and Web structure analysis. We compared our approaches with traditional text classification
methods and found the experimental results to be encouraging. We believe that the proposed approaches are
useful for various Web applications, especially for vertical search engine development.

Table 4
Macro t-test results on F-measure
vs.

SVM-WORD

LEXICON
SVM-WORD
NN-WEB
a
b

0.0827

a

NN-WEB

SVM-WEB

b0.00001
0.0024 b

0.0041 b
0.2446
0.0033 b

b

The difference is statistically significant at the 10% level.
The difference is statistically significant at the 1% level.

Fig. 2. F-measure vs. the number of training data.
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While the Web-feature approaches are promising, it
is interesting to examine which of the 14 features used
are more important than the others in determining the
relevance of a page. We plan to apply factor analysis
techniques to the data set to investigate the features in
detail. Another direction of our future work will be to
study whether a combined keyword-based and Webfeature approach will perform better than using either
the keywords or the Web features alone. We believe that a
combined approach may potentially acquire the strengths
of both approaches and perform better by allowing the
classifier to rely on the feature scores when the number of
training documents is small but to rely more on unique
keyword attributes in the vector when the number of
training documents reaches a certain level. Finally, we are
also investigating how the proposed classification method
can be used in other applications, such as knowledge
management and Web content management.
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