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Abstract. The extensive amount of diversified Web-based information necessitates the development of automated subject-specific Web
site classification techniques. Given that Web sites are in essence heterogeneous, multi-structured and often accompanied with much
noise, it is important to design Web site classification algorithms that can scale well in the context of noise and heterogeneity. In this
paper, we propose a novel approach for Web site classification based on the content, structure and context information of Web sites. In
our approach, the site structure is represented as a two-layered tree, i.e., each page is modeled as a DOM (Document Object Model) tree,
and a page tree is used to hierarchically link all pages within the site. Two context models are formulated to characterize the topical
dependences between nodes in the two-layered tree. Using the Hidden Markov Tree (HMT) as the statistical model of page trees and
DOM trees, a two-phase Web site classification algorithm is presented. Moreover, for further improving accuracy while reducing the
classification overheads, a two-stage denoising procedure is adopted to remove the noise information within sites, and an entropy-based
strategy is introduced to dynamically prune the page trees. The experiments demonstrate that the proposed approach is able to offer high
accuracy and efficient processing performance.

Keywords: Web site classification, two-layered dependence tree, Hidden Markov Tree model, two-stage denoising, entropy-based
pruning

1. Introduction

In recent years, the Web has become a most important
information source and knowledge base for scientific,
educational and research applications. The extensive
amount and the diversity of the Web information available
necessitate the development of automated subject-specific
Web site spotting techniques, which aims at discovering,
collecting and classifying Web sites for various purposes.
For example, a list of authoritative Web sites on a given
topic can assist researchers to rapidly locate and
accurately find out the up-to-date academic information
on that topic. In Web-based e-learning, such subject-
specific Web resources can effectively offer inexperienced
students an advanced academic portal on the Web. In this

context, we should develop some tools to (semi-)automate
the construction of the online subject-specific resource
catalogues and increase their usability according to the
different needs of users. Towards this end, a key challenge
is how to appropriately classify the collected Web sites
into different categories under the subject taxonomy.
Hence this paper is concerned with designing such an
effective and efficient classification algorithm.

In general, the data representation model significantly
influences the efficiency of learning algorithms. Existing
Web site classification models can be grouped into the
following three categories depending on which represent-
ation model is used for Web sites. The simplest way is to
directly apply the automated text or Web page classifi-
cation methods to Web sites, by representing a Web site as



a vector of term frequencies or topic frequencies. In [1],
they were called classification of superpages and topic
vectors respectively. Examples of this classification model
can be found in [1] and [3]. However, since it ignores the
link structure and topical dependencies between pages
within each Web site, this approach often performs poorly.
Naturally, a more sophisticated approach is to exploit the
semantic structure for the categorization of Web sites. The
semantic structure will greatly enhance the in-depth
analysis of Web site contents, thus will facilitate higher
predictive accuracy. For example, Ester, Kriegel and
Schubert [1] treated each Web site as a tree of occurring
topics, and employed the Markov tree model for further
categorization. They reported significant improvement in
classification accuracy over the superpage approach. The
third type of Web site classification model stems from the
hyperlink analysis and focused crawling techniques,
where each Web site is treated as en element of linked site
graph [23], and the hyperlink-based classification
techniques can be used to group together sets of related
sites. The hyperlink-based classification models have been
widely used in hypertext and Web page classification, e.g.,
in [16], [17] and [18]. However, for coarser-grained Web
sites, they should be integrated with the other
classification models for better prediction.

Clearly, the tree-based model is more suitable for
capturing the essence of the link structure of Web sites,
thus is preferable for Web site classification, although
additional computational cost is suffered from the
construction of the page tree. However, since Web sites,
even finer-grained pages, are in essence heterogeneous,
multi-structured and often accompanied with much noise,
it is important to design Web site classification algorithms
that can scale well in the context of noise and
heterogeneity.

Usually, a majority of existing Web site or page
categorization algorithms treat the whole page as an
indivisible node with no internal structure [2]. But as a
matter of fact, pages are more complex and may have a
number of topics. In other words, pages can be further
divided into some logic snippets with a single topic. This
kind of logic snippets, e.g., DOM (Document Object
Model, see http://www.w3.org/DOM/) nodes, should be
treated as the basic units of analysis in Web site
classification. Recently the DOM tree has been used in
some other Web mining tasks such as topic distillation
(e.g. [4], [16]), information extraction (e.g. [2]). Thus by
extending the existing tree-based representation to an
extra layer of resolution (DOM nodes), this paper
proposes a two-layered dependence tree model for
representing Web sites.

In this paper, a significantly distinct application
background is to focus on the classification tasks on the
academic Web sites according to the subject-specific

taxonomy, rather than classifying the commercial Web
sites into industry categories [1], [3]. Compared with the
commercial Web sites, the academic Web sites have some
obvious advantages for Web mining tasks. For example, it
is much easier to determine the border of an academic
Web site since all pages within the site are generally
below the same domain. Meanwhile, the academic Web
site often has fewer advertisement or irrelevant pages,
which can facilitate better performance of the related
mining tasks such as classification and topic distillation.
However, the subject-specific taxonomy generally has
much minor distances (or class-separability) between
some classes or subclasses than the category hierarchy in
the usual classification tasks. This significantly increases
the difficulty of classification tasks. Figure 1 shows the
first-level classes in the Physical Subject Classification
(PSC) used in this paper. For example, class P6 in the PSC
is “Condensed matter: structure, thermal and mechanical
properties”, and class P7 is “Condensed matter: electronic
structure, electrical, magnetic, and optical properties”. In
fact, correctly distinguishing the two classes is extremely
challenging even for some physics undergraduates. Hence
more robust Web site representation and classification
models need to be developed for such tasks.

The main contributions of our work are:
• A novel two-layered dependence tree model is proposed

for characterizing the underlying logical, structural and
topical dependencies within Web sites. Apart from
offering a more sophisticated data representation model
for Web site classification algorithms, the model can
also benefit some related Web mining tasks such as Web
site structure analysis, topic distillation and Web site
denoising.

• Using the Hidden Markov Tree (HMT) [6] as the
statistical model of page trees and DOM trees, a
two-phase Web site classification approach is presented.
In a single fine-to-coarse procedure, the HMT-based
classifier is applied respectively to DOM trees and page
trees to obtain the final classification results of Web
sites.

• Experimental results on the real dataset of physical Web
sites and the practical subject-specific Web site spotting

http://www.w3.org/DOM/)


tasks show that our approach is able to offer high
accuracy and efficient processing performance.
The rest of this paper is organized as follows. Section 2

describes a global picture for the proposed approach.
Hereafter, we present the two-layered dependence tree
representation of Web sites in Section 3. Section 4 simply
reviews the HMT model and its learning algorithms, and
then presents the two-phase HMT-based classification
algorithm. Section 5 discusses the two-stage denoising
procedure and the entropy-based pruning strategy.
Experimental design and results are described in Section 6.
We review related work in Section 7 and conclude in
Section 8.

2. Overview

The goal of our work is to develop an (semi-)automatic
tool, iExpert, for spotting subject-specific Web sites in
Chinese Science Digital Library (CSDL) project (http://
www.csdl.ac.cn). Web site spotting aims at automatically
discovering, collecting and classifying Web sites for
various purposes. Figure 2 shows the system architecture
of iExpert, which consists of two main components: (a) a
focused crawler to discover the candidate sites from the
seed sites, and then download pages from each candidate
site, and (b) a classification module which builds the site
representation model, extracts features for each basic unit
of analysis (e.g., pages or DOM nodes), performs the
denoising operations and then assigns a class label for
each downloaded candidate site. Therefore, Web site
spotting includes the following three steps:

Step 1 (Discovery Phase): A hyperlink-based focused
crawler is utilized to discover the candidate sites that
share the similar topics with the seed sites;

Step 2 (Download Phase): A program is used to
download the pages from each candidate site;

Step 3 (Classification Phase): Different classifiers are
used to classify the downloaded candidate sites into
different categories under the subject taxonomy.
In general, the initial seed sites can be obtained from
domain experts or directly from some Web directories
such as DMOZ (http://dmoz.org/), or Google
(http://www.google.com).

For the subject-specific Web site spotting, a key issue is
how to appropriately classify the collected Web sites. In
recent years, Web page or hypertext document
categorization has been widely studied. However, some
distinct features necessitate new methods for Web site
classification rather than naively applying the methods
used for hypertext and page classification to Web sites,
including:

Taxonomy

Web SiteWeb Site
Web SiteWeb Site

Crawler Module

Web SiteWeb Site

Fig. 2. The system architecture of the Web site
spotting tool, iExpert.
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• A Web site generally has the multilayered structure. In
such multi-structured data, the internal nodes or features
(e.g., Web pages within each site, or DOM nodes inside
each page) are also strongly correlated, generally very
informative about the categories of the whole site.
Classification methods with the flat object
representation, i.e., those that ignore the link structure
and topical dependencies between the internal nodes,
often suffer from poor predictive accuracy for the
categories of the Web sites. Obviously, care must be
taken that potential correlations due to the internal link
structure are exploited effectively.

• The content of a Web site is generally heterogeneous
and often accompanied with much noise. In the
complex Web environment, many pages contain some
noisy items more or less that are usually incoherent with
the main content of the pages, e.g., banner
advertisements, navigational guides [2], [4], [13], which
is called intra-page noise or local noise [2]. Besides
these local noisy items, most of Web sites generally
have many redundant global noisy objects that are no
smaller than individual pages [2], e.g., animated
introduction pages, advertisement pages. Ideally, we
expect a classifier to recognize such noisy objects and
effectively reduce their influence on the categorization
of the Web sites. In other words, a denoising strategy
should be introduced into Web site classification
algorithms for cleaning the content of Web sites.

• In practice, Web site classification algorithms must be
performed offline, so we need to download the Web

http://www.csdl.ac.cn


pages within the sites. However, the great variability of
site sizes and the high cost of downloading a remote
Web page indicate that some sampling technique must
be adopted into Web site classification procedures for
downloading only a small part of a Web site yet with the
same predictive accuracy. Without loss of generality, we
refer to this as Web site sampling.
Motivated by above three issues, this paper proposes a

novel approach for Web site classification based on the
content, structure and context information of Web sites.
Instead of using a flat representation or a single page tree
representation [1] of Web sites, our approach represents
the structure of each Web site as a two-layered tree, in
which each page is modeled as a DOM tree, and a page
tree is used to hierarchically link all pages within the site.
More importantly, two context models are formulated to
characterize the topical dependences between nodes, and
can be naturally integrated into the structure model. This
combined site representation is called the two-layered
dependence tree.

From the perspective of machine learning scheme, the
introduction of the two-layered dependence tree
representation of Web sites divides the learning procedure
into several phases. That is, the Web site classification
procedure needs to perform three steps (See Figure 3):
text-based DOM node classification, DOM tree based
page classification and page tree based site classification.
For computational feasibility, the HMT model is used as
the statistical model for page trees and DOM trees. Then
the HMT-based classifier is applied respectively to DOM
trees and page trees to obtain the final classification
results of Web sites through a single fine-to-coarse
procedure (Hence we refer to it as the two-phase
HMT-based classification). Moreover, a two-stage

denoising procedure may be also adopted to sequentially
remove the noisy DOM nodes or pages for further
improving the classification accuracy. We argue that such
decomposed learning phases can bring about more
flexibility and robustness in the design of Web site
classification systems.

Since download of a remote Web site is more expensive
than in-memory classification operations [1], an entropy-
based strategy is introduced to dynamically prune the page
trees so that our Web site classification procedure can be
performed in a semi-online way. That is, after the
downloaded pages from a given candidate Web site are
more than a lower threshold, we can incrementally
determine whether to download more pages from a
subtree within that site. Moreover, we expect the Web site
classification algorithm to achieve the same or higher
predictive accuracy by downloading only a small part of a
Web site.

The details will be sequentially discussed in the
following sections.

3. The two-layered dependence tree representation of
Web sites

  In this section, we present our two-layered dependence
tree representation model of Web sites. Generally
speaking, two different types of dependency structures can
be utilized in Web site classification [5], i.e., the structural
relationships between pages and DOM nodes, and the
statistical relationships or probabilistic dependencies
between their attributes. In this paper, we characterize
such probabilistic dependencies within Web sites using
context models.

3.1. Site structure representation

  Our Web site structure model is based on the following
assumption:

Assumption 1 (Tree Structure Assumption): The
structure of most Web sites is more hierarchy-like than
network-like [1]. Furthermore, each HTML/XML page
can be represented as a DOM tree.
  Thus, we define the structure of Web sites as follows:

Definition 1 (Site Structure Model): A Web site O
can be represented as a page tree ),( EPTTP = , where

,{ 1pP = }, npL , the root 1p  is the starting page of the
site, Ppi ∈∀  is a HTML/XML page in the site. A link
between ip  and jp  is represented by the directed edge

Epp ji ∈),( , where ip  is the parent node of jp , and
jp  is one of the children of ip . Moreover, ip  can be

modeled as a DOM tree, i.e., ),( iiii DEDNDOMD = .
Hence the structure of a Web site can be further



represented as a two-layered tree ,(({ iiM DNDOMTT =
))}, EDEi .

  The two-layered tree model of the site structure is
depicted in Figure 3. At the first layer, a page tree
hierarchically connects all pages within the site; and at the
second layer, each page is further modeled as a DOM tree.
To build the page tree, a breadth-first search is performed.
In our application, we only search the pages located
“below” the starting page. For example, if the URL of the
starting page is “http://www.jpl.nasa.gov/index.cfm”, we
only search the pages sharing the base URL “http://www.
jpl.nasa.gov/”.

3.2. Context models

  Usually, the semantics of an object is defined by its
content and context. Here context is a general term used to
represent all surrounding conditions of an event or object
which may affect its interpretation [8]. In this paper, we
represent the context of a give node (i.e., a Web page or a
DOM node) as its linked neighbors in the site structure. In
hyperlink environment, links contain richly semantic clues
for Web pages or hypertexts, and such semantic
information can be helpful to achieve better classification
performance. Therefore, we have the following
assumption:

Assumption 2 (Context Assumption): In Web mining,
context is treated as the nodes topically related to the
analysis node. Context information is helpful to improve
the predictive performance of analysis nodes [16], [18].

The essential aspect of the context notion is captured by
contextual dependence. Generally speaking, two objects
are said to be contextually dependent if the interpretation
of one object is highly related to the other [8]. Under the
two-layered tree framework of the site structure, we can
exploit the contextual dependencies between DOM nodes
or between pages. We call them page context model and
DOM context model respectively. Intuitively, the topic of
each node in a tree is typically related to the topics of its
neighboring nodes, i.e., its parent and children nodes. In
general, we use },,{ |C|1 cc L=C , },,{ |S|1 ss L=S  and

},,{ ||1 TT tt L=  to denote the class (or topic) taxonomies
respectively for Web sites, pages, and DOM nodes (For
simplicity, we can also use the same taxonomy for them).
Then the following definitions formulate the page context
model and the DOM context model.

Definition 2 (Page Context Model, PC): Each Web
page is topically related to its in-linked and out-linked
pages [16]. Let S∈

ipS  denote the topic variable for the
page Ppi ∈ . For a node ip  in the page tree PT , the
parent node iρ  of ip  is one of its in-link page, and the
children

incc pp ,,
1

L  are its out-link pages, then the page
context model of ip  is },,,{)(

1 inccii pppPC Lρ= ,
where

),,,|(})'|{|(
1'

incciii pppipp SSSSPppSSP Lρ=≠ .  (1)

Note that for simplicity, we have ignored the other in-links
of page Ppi ∈  when constructing the page tree.

Definition 3 (DOM Context Model, DC): Each DOM
node is topically related to its parent and children nodes in
the DOM tree. For a DOM node ii DNv ∈ , let S∈

ivS
denote its topic variable. Then the DOM context model of

iv  is =)( ivDC },,),({
1 incci vvv Lρ , where

),,,|(})'|{|(
1)('

incciii vvvvivv SSSSPvvSSP Lρ=≠ . (2)

The site structure model uses a two-layered tree to
represent the structure of each Web site, while the context
models characterize local topical dependences within the
site. Naturally, the contextual dependencies can be
integrated with the structural relationships. We refer to the
combined model as the site representation model. Instead
of directly modeling the link relationships between nodes,
the site representation model uses the dependence tree [26]
to characterize the topical dependencies among nodes that
are structurally interconnected. That is, given its topic
label, the content features of a node (i.e., a page or a DOM
node) is independent of its linked neighbors. If we use the
same notation ip  for the identity of the page and its
content features such as textual keywords, then this
assumption can be described as:

∏
∈

=
)(

)|()|()|,,,,(
1

ij
iiiin

pPCp
pjpipccii SpPSpPSpppP Lρ . (3)

This assumption can be used to further simplify the
computation in the classification procedure. And similar
assumption can also be used for each DOM node

ii DNv ∈ . Thus the site representation model can be
described as follows:

Definition 4(The Site Representation Model, SR): The
site representation can be modeled as a two-layered
dependence tree }),{,( DCPCTSR M= , where

))},,(({ EDEDNDOMTT iiiM =  represents the site
structure, and the context models PCs and DCs
characterize the topical dependences between nodes



within a page tree or a DOM tree respectively.
  Figure 4 illustrates the two-layered dependence tree
model. Note that in this figure, each node in a tree has a
class (or topic) variable and a feature variable. And the
dependence relationship exists between the class (or topic)
variables rather than between feature variables. Compared
with the page tree representation model presented in [2],
an innovative aspect of our two-layered dependence tree
model of Web sites is the explicit use of the context at two
different levels. By these models, the correlative semantic
clues within pages and the semantic structure of Web sites
can be exploited to facilitate better categorization of the
sites. This will be addressed in the next section.

4. The HMT-based classification algorithm

In this section, we present our two-phase HMT-based
Web site classification algorithm. First of all, we need to
select an appropriate statistical model for page trees and
DOM trees such that it can effectively characterize the
underlying contextual dependencies between nodes.
Figure 5 illustrates three candidate models: 0- and 1-order
Markov tree, and Hidden Markov Tree (HMT) model.
Comparatively, the 0-order Markov tree leaves the class
variables unconnected and hence ignores any dependence
between nodes; the 1-order Markov tree captures the
1-order causal dependence between nodes; whereas the
HMT model characterizes the 1-order non-causal
dependence between nodes. Since the parent and children
nodes together constitute the context of the analysis node
in both the page context model and the DOM context
model, we cannot choose the 0- or 1-order Markov tree
used in [1], but the HMT model as the statistical model of
these tree structures. Therefore, the key issue of Web site
classification here is how to train the parameters of the

HMT models for page trees and DOM trees, and then how
to design the corresponding classifiers.

4.1. The HMT model and its learning algorithms

HMTs were originally introduced to model the
statistical dependence between wavelet coefficients in
signal processing, for which variables are organized in a
natural tree structure [6], [20], [22]. This model shares
many similarities with the Hidden Markov Model (HMM)
[9]: both are mixture models, parameterized by a
transition matrix and parameters of conditional
distributions given hidden states. More importantly, the
successes of the two models come from their effectiveness
in modeling large classes of natural measurements using a
small set of parameters [26]. In the following, we simply
review the HMT model and its learning algorithms.

The notation of HMT models is illustrated in Figure
5(c). Let ),,( 1 nWWW L=  refer to the observed data,
which is indexed by a tree rooted in 1W . Let

),,( 1 nSSS L=  be the hidden state labels that have the
same indexation structure with W . Then a HMT model
λ  is specified via the distribution },,1{)( Kkk L∈= ππ  for
the foot node 1S , the state transition matrices

)( ),(
rm

uuaA ρ=  where )|( )(),( rSmSPa uu
rm

uu === ρρ , and
the observation probabilities ))(( kbB j=  where

)|()( jSkWPkb uuj === . The HMT model has the
following two properties [6], [9]:
ü The conditional independence property: Each

observation uW  is conditionally independent of all
other random variables, given its state uS , i.e.,

∏
=

=
n

u
nunn SSWPSSWWP

1
111 ),,|(),,|,,( LLL

∏
=

=
n

u
uu SWP

1
)|( .    (4)

ü Markov tree property: Given the parent state )(uSρ ,
the node },{ uu WS  is independent of the entire tree
except for uS ’s parent and children, i.e.,

),,,|()|(
1)('

u
c

u
cuuuuu un

SSSSPSSSP Lρ=≠ .      (5)

The HMT is a tree-structured HMM. Thus, the three
standard problems of HMMs (i.e., likelihood
determination, state estimation and training problem)
apply equally well to the HMT. The likelihood of HMTs
can be calculated through the upward-downward [6] or
conditional upward-downward procedure [9]. The state
estimation of HMTs can be efficiently accomplished by
Viterbi algorithm [6] or MAP algorithm [9]. For the third
problem we can resort to the iterative Expectation
Maximization (EM) algorithm [6].

In our application, however, the incremental learning is
very important because the training samples are not

Fig. 5. Dependence among class labels in three tree-based
statistical models: (a) 0-order Markov tree, (b) 1-order Markov
tree, and (c) HMT model.
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evenly distributed over the different classes (See Figure 6),
Hence we need to exploit incrementally available sites in
the Web site spotting tasks as new samples to re-train the
models. In this paper, we adapted the incremental EM
algorithm for HMMs [24] to train the HMT models.

To verify the incremental EM HMT training algorithm,
we performed a simple experiment using discrete
observation HMT with random parameterization and
sampling. The training samples were divided into 3 and 10
subsets. Figure 7 shows the comparison of log-likelihood
function values for the incremental and batch EM HMT
training algorithms. Results indicate that the incremental
approach has numerically stable iterative scheme and even
converges faster than the batch version.

4.2. HMT-based classifier

Two kinds of tree-based classification problems need to
considered here: For a page ip  represented as a DOM
tree ),( iiii DEDNDOMD = , assign a topic label S∈is
to ip ; For a Web site O  represented as a page tree

),( EPTTP = , assign a class label C∈ic  to O .
Without loss of generality, we mainly talk about the
HMT-based classification for page trees in the following
discussion, but the similar conclusions can be directly
applied to DOM trees.

Formally, the HMT-based classification is described as

follows: Let W  be all observed data of a tree, and S  be
the hidden state labels that have the same indexation
structure with W . Let iT  be the subtree of observed
data with root at node iW , and ijjiT >,\  be the set of
observed data obtained by removing the subtree jT  from

iT . Our objective is to choose ic  to maximize )|( WcP i
(i.e., maximum a posterior estimation, MAP):

)()|(maxarg)|(maxarg iicici cPcWPWcPc
ii

== .    (6)

Traditionally, the prior )( icP  can be estimated simply
by the relative frequency of the class ic  in the training
set. Let )(P

iλ  is the HMT model parameters of page trees
for the class C∈ic , then )|( icWP  can be calculated
as:

∑∑
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)|,( )()( P
i

i
k WsP λ  can be calculated using the

downward-upward algorithm [6], [9], i.e.,

)()()|,( )()( mmWmsP iii
i

k αβλ == P ,       (8)

where )|()( )( nsTPn i
kii ==β  is the upward variable, and

),()( \1
)(

i
i

ki TnsPn ==α  is the downward variable.
For a HMT model )(P

iλ , the parameters can be
estimated as follows: 1) The probabilistic distribution for
the root node )(i

kπ  may be estimated from the training
data by examining the frequencies of the root nodes with
different topic labels; 2) The transition probabilities

)|( )(
)(

)( i
k

i
k ssp ρ  may be estimated by examining the ratios

of the frequencies of the topic label pair ),( )(
)(

)( i
k

i
k ss ρ  to

the total number of parent-child node pairs; 3) The
observation probability )|( )( nsWP i

kj =  for each page
needs to be calculated by the corresponding DOM tree.
The similar parameter estimation methods can be used for
the HMT-based DOM tree classifier. A slight difference is
that the observation probability =)|( )()( k

m
k

m tVP
∏ )|( )(k

mn taP , where )|( )(k
mn taP  depends on the

application-specific models such as Naïve Bayes, or KNN
(K Nearest Neighbors).
  It is easily found that if we use a HMT model )(P

iλ  for
each class ic , then additional )1|||(||| 2 ++ SSC
parameters are introduced to characterize the HMT-based
page tree classifier, without regard to the observation
probabilities. (Similarly )1|||(||| 2 ++ TTS  parameters
for the HMT-based DOM tree classifier). If the same class
taxonomy is used for Web sites, pages or DOM nodes, we
can model the hidden state variables of HMTs as class
labels to further simplify parameter estimation.

4.3. Two-phase classification framework

Thus we may utilize the HMT-based classifiers for Web
site classification. When the whole page is treated as the



atomic analysis node, the classification procedure is
shown in Figure 8a (We refer to it as the HMT-based page
tree classifier); and when the DOM node is treated as the
atomic analysis node, the two-phase classification
procedure is shown in Figure 8b. The two-phase
classification procedure includes the following three steps:

Step 1 (Pre-Classification): Classify all DOM nodes
using keyword-based text classifier such as KNN or Naïve
Bayes;

Step 2 (Page Classification): Classify all pages using
the HMT-based DOM tree classifier;

Step 3 (Site Classification): Classify the site using the
HMT-based page tree classifier to obtain the final
classification results.

1DOM

iDOM

  As shown in our experiments later, the two-phase
classification can obtain more accurate classification
results than the HMT-based page tree classifier though it
tends to suffer from higher computational complexity.

5. Denoising and pruning

  As discussed before, to obtain high accuracy in Web
site classification, we should consider Web page denoising
task. Moreover, for reducing the classification overheads,
an entropy-based strategy is introduced to dynamically
prune the page trees.

5.1 Two-stage denoising

  The task of denoising is to remove the DOM nodes or
Web pages that are incoherent with the main content of
the sites or cannot be identified by text-based classifiers,
e.g., banner ads, navigational guides, decoration pictures.

Hence, it is natural to utilize the text-based methods for
denoising. In the centroid vector based text denoising
method used in [4], most similarity scores are near to zero
due to the high dimensionality of the centroid vector and
the limited statistical information within a DOM node.
Instead, this paper uses the thesaurus-based text denoising
method for DOM nodes. As a classical classification
approach widely used in information analysis field, the
thesaurus-based method determines the pertinence of a
DOM node to a given topic by analyzing the occurrence
frequency of the topic-specific keywords and terms in that
node. In our experiments, we employed the Physics
Subject Thesaurus with 9181 terms as the thesaurus for
text-based denoising. Furthermore, 54311 bilingual
(English and Chinese) keywords were extracted from a
large amount of textual data of Physics Digest to enrich
the thesaurus. Experiments showed that the
thesaurus-based method outperformed the centroid vector
approach in our application settings.
  Moreover, the two-layered dependence tree
representation model enables us naturally to use the
two-stage denoising procedure to clean the content of Web
sites. Namely, the text-based denoising method is
performed for all DOM nodes at first, and if a majority of
DOM nodes within a page is marked for removing, then
the page is removed in whole.

An issue that should be considered in the denoising
procedure is how to reconstruct the DOM tree (or the page
tree) in order to keep as much contextual dependence
between nodes as possible after a noisy DOM node (or a
noisy page) is removed. Figure 9 illustrates three
reconstruction approaches. Let the node b be the node to
be removed, and the node a,  c,  d be its parent, leftmost
brother, and leftmost child respectively, then the three
approaches are to let all b’s children as the node a’s
leftmost children, to replace b with the node d, and to let
all b’s children as the node c’s leftmost children.
According to the weighted Edit Distance of trees [25], this
paper used the first approach, i.e., to let all b’s children as
the node a’s leftmost children, to reconstruct the tree after
each text-based denoising operation is performed.



5.2. Entropy-based pruning

  Under the two-layered dependence tree representation
of Web sites, we need to perform page tree pruning for
downloading only a small part of a Web site yet with the
same or higher predictive accuracy. In [1], Ester, Kriegel
and Schubert exploited the variance of the conditional
probability over the set of all Web site classes to measure
the importance of a path for site classification and then
proposed a pruning algorithm based on the variance and
the path length. To capture data structure beyond second
order (variance) statistics, this paper employs the relative
entropy or Kullback Leibler distance [26] to model the
‘distance’ between the distribution embodied by the
original model and that of the pruned model. Meanwhile,
the entropy-based method can be naturally integrated with
the uncertainty measure of classification results, and can
also be easily replanted into different Web site
classification models.

Our pruning approach is based on the following
assumptions:

Assumption 3 (Assumption on Sampling Necessity): In
Web site spotting, download of a remote Web page is much
more expensive than in-memory classification operations
[1].
  This assumption has been verified by the experimental
result shown in Figure 10. More importantly, it enlightens
us that we might reduce the download time considerably
by increasing somewhat local in-memory operations so as
to optimize the total processing time.

Assumption 4 (Assumption on Sampling Size): Web site
classification needs to download Web pages within the site.
However, after the downloaded pages are more than a
fixed quantity, to download more pages further cannot
improve the classification accuracy remarkably.

It is not clear how many pages are sufficient for Web
site classification in order to keep a relatively high
accuracy. Intuitively, there are cases where a whole
subtree does not show any clear class membership at all

[1], hence features extracted from these pages cannot be
helpful to improve any classification accuracy. In this
paper we use Kullback-Leibler (KL) distance to measure
whether adding a page to the page tree will result in a
reduction in the uncertainty of classification results or not.
Therefore, we propose the following dynamic pruning
strategy for the page tree of a Web site (See Figure 11):

⊥α
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uu TTKL
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  Let u be the current downloading page, −
uT :1  and +

uT :1
denote the page trees before and after downloading u, and
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probabilities corresponding to −
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HMT model )(P
iλ  of page trees for class C∈ic . Now

we see if adding u to the page tree will result in a
reduction in the uncertainty of classification results. The
KL distance from −
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uT :1  is given by [26]

∑
∈

+

−
−

+−

=
=

==
C

)P(
:1

)P(
:1)P(

:1

:1:1

),|(
),|(

log),|(

);(

ic iuii

iuii
iuii

uu

TcCP
TcCP

TcCP

TTKL

λ
λ

λ ,  (9)

where ),|( )(
:1

P
iuii TcCP λ−=  can be calculated by Eq. (7)

and )Pr( ic  (Here we take no account of )( :1
−
uTP  and

)( :1
+
uTP  since them are irrelevant to the class ic ). After

the downloaded pages from a given candidate Web site are
more than a lower threshold ⊥α , the dynamic pruning
strategy can be stated as follows:

If ∆⋅≥ ++− )();( :1:1:1 uuu TdepthTTKL  then add u to the page

tree, else suppress the growth of the tree to node u.
)( :1

+
uTdepth  is the depth of the page tree +

uT :1 , and ∆  is
the convergence parameter used in the HMT training of
page trees (in our experiments, 310−=∆ ). As mentioned
before, a lower threshold of downloaded pages is needed
to be predefined.

Similar to the method presented in [1], this pruning
strategy becomes less sensitive with increasing

)( :1
+
uTdepth . Our experiments later will show the

entropy-based strategy can improve classification
accuracy by downloading only a small part of a Web site.

6. Experiments and results



6.1. Experiment setup

In our experiments, the testbed consisted of total 528
physical Web sites. They had been downloaded to a local
server completely, and labeled by domain experts
according to the PSC. However, these training Web sites
are not evenly distributed over the different classes (as
illustrated by Figure 6). For example, about 75% Web
sites in the dataset are of class P8 or class P9. Hence we
need to carefully design the experiments to prevent the
trained classifiers from biasing to some classes that have
more training Web sites.

This paper selected the bilingual kernel-weighted KNN
classifier as the basic text classification model for various
tree-based classification procedures. KNN classification is
an instance-based learning algorithm that has shown to be
very effective in text classification [7]. And more
importantly, the KNN classifier has relatively few
parameters, which may reduce the training complexity.

Two kinds of experiments were carried out to evaluate
the proposed approach. In the first set of experiments, we
compared the accuracy achieved by different classification
models on the academic Web sites, including the baseline
superpage classifier (Baseline for short), the HMT-based
page tree classifier (HMT-PTC for short) depicted by
Figure 8a, the 0-order Markov tree classifier (MTC for
short) described in [1], and the two-phase HMT-based
classification model (HMT-2PC for short).
Experiment : We selected six Web sites for each class
from the labeled site set as the training data, and kept the
remaining sites as the test data. Based upon the training
and test data, 6-fold cross-validation tests were performed
to evaluate the classification accuracy of the four models
for the first-level classes in the PSC (we referred to it as
the first accuracy 1A ). Here the training subset was
further divided into 6 disjoint sets so that each set contains
only one Web site for each class. Meanwhile in the test
step of each train-test round, we also performed tests on
the testing subset. This guaranteed that the trained
classifiers could not be biased to some classes that had
more training Web sites. The 1A  is defined in our
experiments as:
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where )(i
allN  is the number of the test sites for the class i

(i=0~9), and )(i
rightN  is the number of the accurately

classified sites among them. The accuracies were reported
on the average results of the 6-fold cross-validation tests.
Experiment I: To evaluate the classification accuracy of
the four models for the second-level subclasses in the PSC
(we referred to it as the second accuracy 2A ), this
experiment was performed on the Web sites of class P8

and class P9, which were the two numerous classes in the
labeled site set. The 2A  is defined in our experiments as:
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where ),( ki
allN  is the number of the test sites for the

subclass k of the class i (i=8, 9), and ),( ki
rightN  is the

number of the accurately classified sites among them. In
the class hierarchy, class P8 has five subclasses and class
P9 has nine subclasses, i.e., ,82P,81P,80P{)8P(C =

}87P,86P and ,95P,94P,93P,92P,91P,90P{)9C(P =
}98P,97P,96P . Analogously, the accuracies were

reported on the average results of the 6-fold
cross-validation tests. In general, the classification tasks in
this experiment are much more difficult than those in
Experiment , thus the classifiers are required to have
more robust expressive power to capture the semantic
coherence of each Web site.
  The second set of experiments was designed to evaluate
the proposed approach for practical Web site spotting
tasks. Throughout all experiments of this kind, we
randomly selected 10, 18, 30, 50, 70, 100, 150, 200 and
250 Web sites from the labeled set as the seed sites
respectively. And in each case, the average results of five
runs were reported. The evaluation metrics for the Web
site spotting tasks are spotting capability, the first
accuracy and processing time. Let seedN  be the number
of the seed sites, and newN  be the number of the newly
discovered relevant Web sites, then the spotting capability
is defined as

%100×=
seed

new

N
N

Sp .                          (12)

In our experiments, the average spotting capability was
187%. All these newly discovered sites were verified and
labeled by domain experts, and then partially added to the
CSDL Phy-Math Portal project. (http://phymath.csdl.
ac.cn/, See Figure12).



  We designed two experiments of this kind, as follows:
Experiment II: This experiment performed the Web

site spotting tasks with the different numbers of seed sites,
and compared the classification accuracies of the four
classifiers on newly discovered sites.

Experiment V: To test the efficiency of the
entropy-based pruning strategy, we compared
experimentally the download time of the baseline system
with that of the HMT-2PC system. Meanwhile, we also
compared the classification accuracies of the HMT-2PC
systems with and without the entropy-based pruning
strategy to test whether the pruning step would yield
additional accuracy improvement.

All above experiments were run on the following
environments: 800MHz CPU, 256MB RAM and shared
2M LAN bandwidth.

6.2. Results and discussions

Table 1 shows the average classification accuracy of the
four classifiers in Experiment  and Experiment II. Before
interpreting these results, we need to point out that some
Web sites in the dataset were labeled by domain experts
with more than one class and subclass, so we adopt a
partially multiple categorization policy in the
classification. For example, the site “http://andy.bu.edu/
aspen/” was labeled with class P95 and class P10. If the
estimate by some classifier was neither P95 nor P10, but
the second maximal posterior probability, which was
larger than a pre-defined threshold, indicated P95 or P10,
then we recorded the classifier had one positive deviation.

Classifier First Accuracy in
Experiment 

Second Accuracy in
Experiment I

Baseline 57.6%+1.2% 36.9%+0.8%
HMT-PTC 69.2%+3.5% 52.6%+2.1%
MTC 72.5%+2.1% 51.4%+1.5%
HMT-2PC 79.5%+2.5% 53.4%+2.7%

Table 1
The average classification accuracy in Experiment  and
Experiment II. Accuracies and reported deviations are based
on the average results of 6-fold cross-validation tests.

It is safely concluded that the HMT-2PC model had the
best accuracy. Averagely, it outperformed the other three
models (i.e., Baseline, HMT-PTC, MTC) respectively by
about 21.9%, 10.3% and 7.0% in Experiment , and by
about 16.5%, 0.8% and 2.0% in Experiment I. Obviously,
since the HMT-2PC model carried out denoising
operations at both the DOM node layer and the page layer,
it could achieve higher accuracy than the HMT-PTC and
MTC models that performed the denoising operations
merely at the fine-grained page layer. This result confirms
that the local noise information within Web pages can

seriously decrease the classification accuracy, thus it is
necessary to perform effective denoising operations at the
fine-grained DOM node layer.

On the other hand, the classification accuracies in
Experiment II are surprisingly low. In this case, the minor
separability between subclasses in the subject taxonomy
significantly decreases the classification accuracy, and the
textual feature extraction methods and the proposed
models cannot yet capture this kind of subtle
between-class distances. A slightly weak conclusion is that
the HMT model seems to work better than the 0-order
Markov tree model in terms of characterizing such subtler
topical dependencies between nodes, since both the
HMT-based classification models (i.e., HMT-2PC and
HMT-PTC) slightly outperformed the Markov tree based
classification model (i.e., MTC) in this experiment.

Figure 13 shows the comparison of the average
accuracies of the four classifiers for the Web site spotting
tasks in Experiment III. From this figure, we can see that
the HMT-2PC classifier had the best classification
accuracy both on the labeled set and on the practical Web
site spotting tasks. However, there are several points that
should be noted:

1) The average classification accuracies of the four
classifiers in Experiment III are clearly lower than those
in Experiment I. This is because the sites that were
selected as seeds by domain experts generally have more
explicit topical clues than those newly discovered sites.

2) The superpage approach performed worst in nearly
all experiments. Hence this approach is only suitable for
constructing the baseline system.

3) In our experiments the accuracies of the MTC model
were much less than 87% described in [1]. A possible
reason is that the subject-specific Web site classification
tasks are much more difficult than the tasks of classifying
the commercial Web sites into industry categories.
Accordingly, the classification errors are higher in our
settings.

Figure 14 and Figure 15 show the comparison of the
processing time between the baseline system and the
HMT-2PC system. It can be easily found that on the



average, the HMT-2PC system had saved 48.9%
download time but spent more 31.9% classification time
compared with the baseline system, which always
downloaded fixed levels of pages from the candidate Web
sites. Totally, the HMT-2PC system saved 48.2%
processing time in each Web site spotting task. This result
confirms the assumption that we can obtain considerable
reduction of total processing time at the cost of increasing
somewhat local in-memory operations. Furthermore, by
comparing the classification accuracies of the HMT-2PC
systems with the pruning step and with a fixed
downloading depth, we can see that the pruning step
would averagely yield about 5.2% accuracy improvement
(See Figure 16). This is because the pruning strategy has
purposefully imposed on some controls on the Web site
sampling process. These results demonstrate the
entropy-based pruning strategy is efficient.

To sum up, the experiments show the proposed
approach is able to offer high accuracy and efficient
processing performance. Comparatively, the approach has
the following weaknesses: Firstly, due to few features
extracted from the fine-grained DOM nodes, the poor
pre-classification results of DOM nodes would affect the
final classification accuracy of Web sites. Secondly, we
need to further investigate how to reduce the classification
errors for the second-level subclasses in the subject
taxonomy.

7. Related work

With the huge amount of information available online,
the Web is a fertile area for data mining research. In this
section, we only briefly discuss three areas of research
most closely related to our work: link-based classification
for hypertext and Web pages, Web site classification and
Web page denoising.

A collection of Web pages or hypertext generally has a
richer structure than a collection of text documents. The
hyperlink structure contains richly semantic clues for Web
pages or hypertexts, and such semantic information can be
helpful to achieve better classification performance. As a
result, many researchers have adopted link-based model in
the Web page classification tasks. Yang et al. [7] gave an
in-depth investigation of the validity of hyperlink
regularities across several data sets and using a range of
classifiers. They found that the usefulness of the
regularities varied, depending on both the data set and the
classifier being used. Attardi, Marco and Salvi [18]
described a technique, categorization by context, to
exploit useful relevance hints directly provided in the
structure of HTML documents to classify the documents
they refer to. Chakrabarti, Dom and Indyk [16] proposed a
robust statistical model and a relaxation labeling
technique to use both the text and linkage information
(e.g., the categories of neighbors) for hypertext and Web
page categorization. A method that exploits links and
incrementally available class information of neighbors can
also be found in [19]. Lu and Getoor [21] also proposed a
link-based model that supports discriminative models
describing both the link features and the attributes of
linked objects. Using a structured representation of the
contents, Diligenti et al. [12] employed the Hidden Tree
Markov Model (HTMM) for the classification of HTML
documents. Note that the link-based classification is a
very active research topic in recently years so our list is
sure to be incomplete.

On the other hand, the classification of complete Web
sites has not yet been widely investigated. In [3], Pierre
discussed several issues related to automated text
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classification of Web sites, and described a
superpage-based system for automatically classifying Web
sites into industry categories. To the best of our
knowledge, Pierre is the first one addressing the issue of
Web site classification. Since then, the superpage-based
approach is often used to construct the baseline system for
Web site classification. To further exploit the semantic
structure and local context information for the
classification of Web sites, Ester, Kriegel and Schubert [1]
represented a Web site as a tree of pages with topics, and
employed the k-order Markov tree classifier for site
categorization. Their experiments on the categorization
tasks of corporate Web sites belonging to two different
trades (i.e., IT-service provider and florist) demonstrated
that, 0-order Markov tree outperformed all higher-order
classifiers though it does not use any knowledge of the
context of a page. Moreover, they also proposed a page
tree pruning method to perform Web site sampling, which
exploited the path length and the variance of the
conditional probability over all Web site classes to
measure the importance of a path for site classification. As
mentioned before, some topic distillation methods based
on the hyperlink analysis techniques can also be broadly
categorized into Web site classification, if only they treat
the whole Web site as the basic unit of analysis. For
example, Terveen, Hill and Amento [23] proposed a
directed graph of linked sites (called the clan graph) to
group together sets of related sites. In general, this
graph-based model should be integrated with the other
content-based classification models for better
classification of Web sites.
  An important issue related to the classification of Web
pages or sites is Web page denoising (In [2], it also was
called Web page cleaning). Noise information items can
seriously decrease the performance of automated
information collection and mining on the Web [2], e.g.,
Web page clustering, Web page classification, and
information retrieval. Hence the Web page denoising has
attracted increasing attention in recent years. In [4], [13],
Chakrabarti et al. represented the Web pages as DOM
trees and proposed a centroid vector based text pruning
method to remove the noisy DOM nodes within each page.
Analogously, Yi and Liu [2] proposed a Web page
cleaning method by extending the DOM tree to the
compressed structure tree and employing a weighting
policy to evaluate the importance of each node. The works
in [10], [11] also provided good learning mechanisms to
recognize the advertisement, redundant and irrelevant
links of Web pages. Other related work includes the
informative block detection in Web pages [14], the
frequent template detection based Web page cleaning
method [15], and so on.

Although partially inspired by some concepts
introduced in [1], our study has several distinct features.

First, we use a two-layered dependence tree representation
model of Web sites by characterizing both the Web site
and each page within a site in terms of the dependence
tree models [26]. Second, an innovative aspect of our
approach is to explicitly formulate two context models to
make use of the correlative semantic clues within pages
and the semantic structure of Web sites for site
categorization. Although the textual features or class
information from neighboring pages were modeled by the
term context in [17] and [18], and the page or site
structure had been also utilized in [1] and [12], none of
them gave a formulation of the context modes. Third, we
utilize the HMT as the statistical model of page trees and
DOM trees. Widely used in signal processing and image
segmentation, the HMT model allows for fairly efficient
learning algorithms. Comparatively, the statistical model
used in [1] is the k-order Markov tree, which is in essence
a branching k-order Markov chain. Forth, we introduce a
comprehensive denoising step to purify the content of
Web sites at both the DOM node layer and the page layer,
so as to achieve higher accuracy. We argue that the
denoising operations play an important role in Web site
classification since Web sites are in essence heterogeneous
and often accompanied with much noisy information. Five,
we use the relative entropy rather than the variance of the
conditional probabilities to construct the dynamic pruning
strategy for page trees. The entropy-based method can be
naturally integrated with the uncertainty measure of
classification results, and can be easily replanted into
different Web site classification models. Lastly, our Web
site classification model is built for the categorization of
the academic Web sites according to the subject-specific
taxonomy rather than classifying the commercial Web
sites into industry categories. As discussed before, more
robust classification models need to be developed for such
tasks with minor class-separability.

8. Conclusion and future work

In this paper, we investigate a novel Web site
classification algorithm for subject-specific Web site
spotting tasks. The rationale behind our approach is that
Web sites are in essence heterogeneous, multi-structured
and often accompanied with much noisy information. In
such multi-structured data, the underlying logical,
structural or topical dependencies should be effectively
exploited in the classification process. Therefore, this
paper extends the existing tree-based representation to an
extra layer of resolution (DOM nodes) and proposes a
two-layered dependence tree model of Web sites. Using
the HMT as the statistical model of page trees and DOM
trees, a two-phase Web site classification approach is



presented. Moreover, a two-stage denoising procedure and
an entropy-based pruning strategy are introduced to
further improve predictive accuracy while reducing the
classification overheads. Experiments show that the
proposed approach obtained some improvements in both
of accuracy and processing time compared with the
baseline as well as other existing algorithms.

In the ongoing work, we are seeking a further
improvement of the Web site classification algorithm. We
need to investigate more comprehensive context models to
refine the pre-classification results of DOM nodes so as to
obtain both reliable and accurate classification. Some
promising results have already obtained.
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