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ABSTRACT

Web page segmentation is an important task with benefits
for a variety of applications, reaching from data extraction to
accessibility improvement. Focusing on the smallest content
units of a web page, page segmentation can be reduced to a
clustering of web contents to structural and semantical cohe-
sive groups. To investigate the web page segmentation task
from the clustering point of view, we define three possible
distance measures for content units based on their DOM, ge-
ometric and semantic properties. We combine these distance
measures with common clustering techniques and evaluate
the web page segmentation accuracy on a labelled collection
by applying widely used validity measures.

Categories and Subject Descriptors

H.3 [Information Storage and Retrieval|: Content Anal-
ysis and Indexing; H.5.4 [Information Interfaces and
Presentation|: Hypertext/Hypermedia

General Terms

web page segmentation

Keywords

web content clustering, web content distance

1. INTRODUCTION

In the recent years, the World Wide Web has expanded
to the largest information repository with billions of doc-
uments. In order to benefit from this information abun-
dance, popular search engines use indexing techniques bor-
rowed from information retrieval and in this way make the
information accessible to users.

Traditional information retrieval assumes a document as
the basic information unit and extracts keywords from the
whole content when creating an index. However, web doc-
uments often consist of differing parts (blocks) like a main
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content, navigation bars, headers, footers and advertisements
and each of them might additionally include multiple con-
tents. This results in inaccurate indexes and hence to unre-
quested documents in high rankings. Breaking a web page
into its principal parts and indexing only the main content
can highly improve the indexing performance |22} [4].

Besides document retrieval, there is a variety of other web
applications that would benefit of web page partitioning:
annotations for web images are more precise if they are ex-
tracted from the paragraph the image belongs to |3} |1]; web
pages that are broken into logical parts can be better dis-
played on small-screen devices |2, |6l |10]; duplicate contents
appearing in a document or among different documents can
be better detected [5), 12]; web page accessibility can be im-
proved by a clear document structure and clutter elimination
|13].

Recognizing the importance of web page partitioning, many
researchers have proposed solutions to this problem [4} |10,
16} {11} |6} [14]. Most of these works apply heuristic rules that
decide whether to break a segment at a specific position or
not. A heuristic rule typically employs structural features
of web contents as well as geometric properties gathered by
rendering the contents in a browser application. In this way,
each rule covers a specific design pattern and proposes an
appropriate solution. However, the design patterns used to
present contents on the Web are unlimited and thus can-
not be covered by a finite set of rules. Further, while most
of the existing approaches use visual and structural content
features, (to our knowledge) there are hardly attempts to
integrate semantical properties in partitioning task. More-
over, while we know that structural and geometric features
are useful for web page partitioning, there is neither evalu-
ation nor comparison of the features on their principal us-
ability for this task.

Our contribution. In this work, we fill these gaps by
presenting a more general approach to web page partition-
ing. In particular, our contributions are as follows: (1) We
first indicate that a web page consists of many atomic con-
tent units (web contents) which can be grouped to page
blocks. Thus the page segmentation problem is reduced to
clustering of web contents. (2) To be able to cluster web
contents, it is inevitable to define suitable cost functions
that estimate the commonness of two web contents. We
present three different distance measures that compute a
DOM-based, a geometric and a semantic-based dissimilarity
of web contents. (3) We further adapt common clustering al-
gorithms to fit the special requirements of web contents and
distance measures. (4) Finally, we evaluate different com-



binations of our proposed distance measures with clustering
algorithms using common metrics for measuring clustering
validity and discuss the results.

Organization. This paper is organized as follows: Sec-
tion 2 will give a brief overview to related work. In Section[3]
we formulate the page segmentation problem as a clustering
task. Then we introduce three distance measures for web
contents based on different features and describe the clus-
tering approaches that were employed in our experiments.
Section [Bl summarizes the evaluation studies and discusses
the obtained results. The paper is concluded and a short
overview to future work is given in Section [6]

2. RELATED WORK

In recent years, a variety of approaches to web page par-
titioning has been proposed. Related work can be roughly
classified into top-down and bottom-up methods.

Top-down page segmentation. Top-down approaches
start with the complete web page as a block and parti-
tion this block iteratively into smaller blocks using different
features obtained from the content of the web page. The
Vision-based Page Segmentation algorithm proposed by Cai
et al. 4] computes for each block a Degree-of-Coherence
(DoC) utilizing heuristic rules based on DOM as well as vi-
sual features. The DoC ranges from 1 to 10, while 10 iden-
tifies maximum coherence. A manually specified threshold
value for DoC considers whether a particular block has to
be partitioned. Partitioning decision is made by DOM and
vision-based rules. Hattori et al. [10] combine two differ-
ent methods for page segmentation. In the first method, a
content-distance based on the order of HTML tags is de-
fined and the initial block is iteratively separated at po-
sitions where the content-distance exceeds a dynamically
estimated threshold. The second method applies heuristic
rules that are based on HTML tags. Lin and Ho [16] pro-
pose a simple partitioning method based on HTML table
structures. Afterwards they compute a content entropy to
estimate the importance of each block. Kao et al. |11] de-
fine a term entropy, too. Blocks of DOM subtrees are then
separated based on the entropies of the contained terms.
Vineel [21] defines a content size and an entropy value that
measures the strength of local patterns within the subtree
of a node. Threshold values are defined for both measures
to perform page segmentation. Chen et al. [6] distinguish
five high-level blocks, namely, header, footer, left sidebar,
right sidebar and main content. Web contents are classified
into one of these blocks using heuristics on DOM as well as
geometric level. Baluja’s segmentation system [2] divides a
web page into nine segments using a decision-tree which em-
ploys an information gain measure and geometric features.
While top-down approaches to page segmentation are jus-
tifiable, most of the approaches employ heuristic rules to
estimate appropriate block structures, which — as we men-
tioned in the introduction — are restricted to a small subset
of pages on the Web and cannot handle the variety of web
pages in principal. The idea of a content-distance proposed
by Hattori is quite similar to our DOM-distance. But the
formalization of the content-distance is not as evident as our
DOM-distance.

Bottom-up page segmentation. In the bottom-up ap-
proach to web page segmentation mostly the (leaf) nodes of
the DOM representation are taken as atomic content units.

In the next step, these units are grouped into segments. Li
et al. [14] propose improving web search quality by seg-
menting web pages into cohesive micro-units. The segmen-
tation procedure involves creating a tag tree which is simi-
lar to DOM and then applying two heuristics to aggregate
tree nodes into segments. In particular the heuristics are:
merge headings with the following content, and merge ad-
jacent text paragraphs. Chakrabarti et al. [5] approached
the page segmentation problem from a graph-theoretic point
of view. DOM nodes are supposed to be nodes in a com-
plete weighted graph and the edge weights estimate the costs
needed to put the connected nodes in one block. Thus the
partitioning task could be reduced to an well known opti-
mization problem. Kohlschuetter et al. [12] represent atomic
content units of a web page by a quantitative linguistic mea-
sure of text-density and reduce the segmentation problem to
solving a 1D-partitioning task. An iterative block fusion al-
gorithm applying methods adapted from computer vision is
presented as a solution. While Li et al.’s algorithm [14] re-
lies on heuristics rules that we declared as insufficient due
to reasonable limitations, Kohlschuetter et al’s as well as
Chakrabarti et al.’s approaches can handle a broader set of
documents. However, the graph-based approach needs test
data to compute edge weights that might be expensive in
creation, and the densiometric-based approach is limited to
textual contents while images are not considered. Nonethe-
less, the last two approaches are most similar to our cluster-
ing approach.

3. CLUSTERING WEB CONTENTS

In this work, we use the term web content to refer to the
smallest indivisible content of a web page which is usually
represented as a leaf node in the DOM tree. Further, by
the term block we define a group of web contents that share
a coherent topic, style and/or structure. With this termi-
nology, the web page segmentation can be described as a
grouping of web contents to blocks. As already mentioned
in the introduction, this problem formulation is closely re-
lated to the well known problem of clustering objects with
similar properties into groups (or clusters). But how can we
decide if two web contents are similar or not?

Web contents own different properties that represent them
in a different context. First, they are a part of a complex
DOM tree that can be directly derived from the HTML of
their hosting page. This tree partially describes the hierar-
chical structure in which the contents are placed. Secondly,
once the contents are rendered in a browser application, they
posses geometrical properties like an exact position in the
output panel and horizontal and vertical dimensions. The
third representation of web contents is based on the included
contents and their semantics. While this representation can
be easily extracted from text nodes, we can extract the al-
ternative text, the title text or at least the url for images
and other objects.

Recognizing these different features of web contents, we
present corresponding distance measures that are able to
estimate a dissimilarity based on different criteria. These
distance measures can then be employed with common clus-
tering techniques to find appropriate page blocks.

3.1 Distances between Web Contents

In this section, we will introduce three distance measures
for web contents that are based on different content repre-



sentations.

3.1.1 DOM-based Distance

In the DOM tree of a web document the web contents
are the leaves that are grouped by tags which are the inner
nodes of the tree. Our aim is to provide a distance measure
that will exactly map this tree structure into one distance
value. We make following preconditions:

e Adjacent sibling leaf nodes have all the same distance.

e The minimal distance of leaves belonging to different
parents must be greater than the maximum distance
of these leafs to their siblings.

A formalization of a distance function that satisfies these
preconditions is given below.

Definition: DOM-based distance. Let d be a web
document and Dg4(N, E) the corresponding DOM tree, with
N as a set of nodes and E as a set of edges. Further let
P = (p1,...,pn) be the sequence of all nodes in N ordered by
traversing Dg in preorder traversal. The index i € {1,...,n =
|N|} gives the order of p; € N in the sequence P. Based on
this formulation, we define the DOM Distance d : N X N —
R for two nodes pq,pp € N,1 < a < b < n (if b < a, wlog.
switch pa,ps) as follows:

b
d(pa,]?b) = Z Wp; 5 (1)

i=a+1

where wy, is the block weight of element p;, which has to be
further specified. In general, the metric d is a sum of block
weights.

The block weights w,,, can be explained as the cost needed
to reach the content block of p; from its preorder predecessor
pi—1. Therefore w,, corresponds to the distance d(pi—1,pi)
of two neighbored contents p;_1,p;. For nodes on the same
tree level [, the block weights are all equal. On a lower
level [ — 1 the block weight has to be at least greater than
the maximal distance of two sibling nodes at level [. The
maximal distance of two sibling nodes on level [ corresponds
to the degree of the nodes on level [ —1 which is the maximal
count of children of the nodes at level [.

With these considerations, the block weight function w :
N — R can be formulated by following recurrence:

c : di=0
“’(l):{ d-wi+1) : d >0, (2)

where d; refers to the maximal degree of nodes at level [
and ¢ > 0 is the smallest distance between two leafs on
the deepest level (can be set to 1 and does not affect the
behaviour of the measure). To apply w in Equation 1} we
define function | : N — N that delivers the tree level of a
node. Thus the block weight w, for a node p € N can be
expressed by w, = w(l(p)).

For clearance, consider the following example DOM tree
in Figure [T}

To compute the distance of node 4 to node 8, we have
to sum up all weights of the preorder successors of node 4
until node 8 is reached. This can be written as d(4,8) =
ws +ws +ws +wr+wg=14+3+14+14+1=7

3.1.2 Geometric Distance

level=0, weight = 6

level=1, weight = 3

level=2, weight = 1

Figure 1:
Weights are computed using formula in Equation 2
with c=1.

A simplified example of DOM tree.

In the rendered output of a web document, contents are
presented to web users in a two dimensional plane. In partic-
ular, each content is placed within a bounding rectangle with
specified width and height and further the rectangle has a
position within the general browser plane. In the rest of this
paper, the bounding rectangle of a web content a will be rep-
resented by two points, referring to its two diagonal edges,
e.g., [(left,top), (right,bottom)]. There are different ways to
define a distance between rectangles. We can compute the
minimal or the maximal distance between the rectangles, or
even the distance between the center points of the rectan-
gles. In this work, the minimal distance has been considered
as the geometric distance.

Definition: Geometric Distance. Let R and S be two
web contents and r = [(re,ry), (r2’,7y’)] be the bounding
rectangle of R and respectively s = [(sz, Sy), (s27,7y’)] the
bounding rectangle of S. The visual distance of two contents
R and S can now be computed as the minimum distance
between the corresponding rectangles r = [(rz,7y), (rz’, 7y’)]
and s = [(sz, Sy), (S2°, $y’)]. In general, this distance can be
defined as

mindist(R, S) = Z t;°

i€xT,y
where

i — 8;i’ ’Lf ri > Si
t; = Si — Ty’ Zf ri’ < 8; (3)
0 if otherwise.

In Figure 2] we show an example with two rectangles and the
minimum distance between the rectangles.

3.1.3 Semantic Distance

Web contents can be of different media types as text, im-
ages, or flash objects. To estimate the semantic distance (or
dissimilarity) of web contents, it is necessary to determine a
common representation for the different media types. Due to
the fact that text is the most used media object in web doc-
uments and furthermore there already exist approved mea-
sures to compare the similarity of text contents, it is obvious
to choose text as common representation. The other media
types can be represented by their alternative or title text,
or — if such not available — by their url string. Based on
the textual representation, we can apply common metrics to
compute a semantic distance of contents.

There is a variety of similarity metrics for texts in the
literature. The simpler methods adopted from information
retrieval rely on some kind of lexical matching between units
of one text to the others. While these approaches can be
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Figure 2: The (minimal) geometric distance between
two rects R and S.

successful to a certain degree, they fail to identify the se-
mantic similarity of texts. For example the synonyms Plane
and Aircraft have a high semantic correlation which cannot
be detected without background knowledge. To overcome
these limitations a variety of more sophistic metrics were
proposed in the literature. Instead of estimating a word-
to-word lexical matching degree, the words are mapped to
corresponding concepts in a knowledge base and a concept-
to-concept accordance is computed. An overview of different
semantic metrics which uses the WordNet taxonomy [17] as
background knowledge is given in Patwardhan et al. [18].
We decided to apply the similarity metric introduced by Lin
[15] to compute the accordance of concepts due to its eligible
performance and low computational costs. The definition of
the similarity function is as follows:

2. 1C(LCS)
IC(concept, ) 4+ IC(concept,)

(4)

simLin =

where LCS is the least common subsumer of the two con-
cepts in the WordNet taxonomy, and IC returns the infor-
mation content |19] which is defined as:

IC(c) = —log P(c)

and P(c) is the probability of encountering an instance of
concept ¢ in a large corpus.

This metric computes the semantic similarity on the con-
cept level and should now be extended to a text paragraph
level. But before this can be done, some preprocessing is
needed to bring the paragraph in the right format. We first
apply a sentence detector followed by a word level tokenizer
and finally do part of speech (POS) tagging to identify the
word class for each word using the Open NLP Library. Af-
terwards, the terms are stemmed using the WordNet stem-
mer and mapped to suitable WordNet concepts if possible.
The text similarity can now be computed as proposed by
Coley et al. [7]. Their approach is as follows: for each noun
(verb) in the set of nouns (verbs) belonging to one text, they
identify the noun (verb) in the other text with the highest
semantic similarity (maxzSim) according to the concept sim-
ilarity simri,. For the other word classes a lexical matching
to their counterparts in the other text is performed. The
resulting similarity function between two texts T3, 7% is de-

fined as follows:
ZwiETl mazxSim(w;, Ts) - idf (w;)
ZwieTl idf (w;)

with idf (w;) identifying the inverse document frequency of
the word w; in a large corpus. Sparck-Jones introduced the
idf in [20] to estimate the specifity of a term. With the de-
fined similarity metric in Equation [5| a directional similarity
score is computed with respect to T1. The score from both
directions can be combined into a bidirectional similarity as
proposed in [7]:

sim(T1 5 TQ)Tl =

sim(Tl, Tz) = sim(T1,T2)T1 . sim(Tl, T2)T2 (6)

This similarity score has a value between 0 and 1, and thus
easily can be converted to a normalized distance function:

diStSem(Tl, Tg) =1- sim(T1, TQ) (7)

4. CLUSTERING METHODS

Cluster analysis is a primary method for discovering groups
of similar objects in various data repositories. In this sec-
tion, we will briefly describe three basic clustering approaches
that can be applied to group web contents.

4.1 Partitioning Clustering

Partitioning clustering is a classical approach to data clus-
tering. The most popular representatives are k-means and
k-medoid. The k-means algorithm starts by randomly parti-
tioning the data points to k clusters and computing the ini-
tial cluster centroids. In the following step each data point
is assigned to its next centroid and afterwards the centroids
are recomputed. This step is repeated until the centroids do
not change in a run. Since web contents are non numerical,
the cluster centroid should be represented by a web content
which has the minimum distance to all other contents of the
cluster. This variant of partitioning clustering techniques is
named k-medoid.

One critical issue with partitioning clustering is the pa-
rameter k, since the number of clusters varies among differ-
ent web pages. Nevertheless, to estimate a good performing
k, the algorithm can be run several times with different &
and clustering validity can be measured by computing the
sum of squared errors or the silhouette coefficient. In our
experiments, we used labelled web pages. As a consequence
the number of blocks (or clusters) was implicitly given and
did not needed further estimation.

Partitioning clustering can be run with all proposed dis-
tance functions with no need to be adapted to the properties
of the functions.

4.2 Hierarchical agglomerative clustering

Unlike the partitioning methods, hierarchical clustering
approaches do not simply separate the data into clusters,
but they generate a hierarchical representation of the data
which then can be used to derive a clustering. The clustering
result is given in a dendogram, a tree-like diagram which
displays both the cluster-subcluster relationships and the
order in which the clusters were merged.

The basic algorithm to compute the dendogram is as fol-
lows: starting with individual web contents as clusters, the



inter-cluster distance is computed and the two closest clus-
ters are merged to a single cluster. This merging step is suc-
cessively repeated until only one cluster remains that com-
prises all clusters.

To compute the distance between sets of web contents, we
apply the single link strategy, which corresponds to selecting
the minimum distance of a web content from the first set to a
content of the second set. Once the dendogram is computed,
the final clustering can be derived by cutting the dendogram
at a given level.

The clusters are derived by cutting the dendogram at an
appropriate level.

4.3 Density-based clustering

In density-based clustering approaches clusters are data
regions of a higher density that are bordered by data re-
gions of lower density. In DBSCAN |8] the minimal desired
density is defined by two input parameters Eps and MinPts.
Starting with an arbitrary data point, the point is checked on
being a core object. A data point is called a core point, pro-
vided the number of data points within its Eps-environment
is at least MinPts. If the actual data point is a core object,
a new cluster is created with the actual point as its first
member and the cluster is expanded by all points that are
density-reachable by the actual data point. A data point b
is density-reachable by a data point b iff there is a sequence
of connected core objects starting with a and ending with
a data point in the Eps environment of b. Data points that
are neither core objects nor density-reachable by any core
object are marked as "noise”. The algorithm finishes when
all data points are either clustered or marked as noise.

Regarding the DOM-based distance measure, we recognize
that clusters should be groups of cohesive densities while
different densities should be considered, since web content
blocks can be distributed over different tree levels. Thus the
common DBSCAN algorithm would fail with such a met-
ric. To consider the special requirements of the DOM-based
distance, a variation of DBSCAN [9] has been applied and
adopted to work without input parameters. This extended
DBSCAN algorithm clusters points of regions with a coher-
ent density. This can be very useful in combination with the
DOM distance, which spreads coherent web contents over a
similar density region.

The other distance measures do not require any special
treatments and work better with the common DBSCAN al-
gorithm. However, the input parameters have to be esti-
mated here.

S. EVALUATION

5.1 Distance measures

In the fist part of the evaluation, we will focus on prop-
erties of the proposed distance measures and show some
empiric results. As example web page, the start page of
the WIMS 2011 conference has been employed, which is de-
picted in Figure @ Preliminary, we have extracted all text
and content image nodes (too small images or images with
a width-height-ratio exceeding a threshold were ignored) of
the example page and they were put in a vector V in the
order as they appear in HTML representation. Figure [ fur-
ther contains blocks with index ranges of contents within
the specified block.

Computational Time. The graphs in Figure |3 show

40
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Figure 3: Computational times for the distance-
matrices of different distance measures.

the computational times in seconds needed to compute a
distance-matrix with different distance measures depending
on the number of web contents. While the DOM-based dis-
tance and the geometric distance can be computed reason-
ably fast, the computation of the semantic distance is more
time consuming. Instead of computing distance-matrices for
different web pages and averaging over the computed times,
we decided to show the results for only one document in or-
der to show that, e.g., the semantic distance does not only
depend on the number of contents, but also on the length of
the contents. On the other side, the DOM and the geometric
distance need are not affected by any node properties and
thus produce smooth graphs.

Distance-Matrix Visualization. The computed dis-
tance matrices of contents of the WIMS start-page are rep-
resented in Figure [5| in a graphical way. The web contents
are arranged in the same order from left to right in the
columns and top down in the rows. Further, this order also
corresponds to the order in which the contents appear in the
HTML. Each pixel in an image represents the distance of two
contents. A bright pixel color corresponds to a smaller dis-
tance, while darker pixels represent high distances. Since the
range of the DOM distance can reach extraordinary high val-
ues (depending on the DOM tree depth), the matrix-values
were transformed into logarithmic scale for visualization.
The matrices of the geometric and the semantic distance
were not preprocessed. Obviously, all matrices have a white
diagonal because the distance of a content to itself is 0. To
start with the DOM distance, the graphic shows clear rect-
angles of nearly constant brightness in the matrix diagonal
which are further hierarchically organized: less brighter rect-
angles surround brighter ones. We can clearly recognize the
rectangles which correspond to the blocks depicted in the
WIMS start page. Similar patterns can also be found in the
diagonal of the geometric distance matrix. However, there
are many other bright regions in the geometric distance ma-
trix, e.g., (1 —19,29 — 43) because the corresponding blocks
are next to each other in the browser output. The semantic
distance matrix depicts only partially the contained struc-
tures. The rectangle (8 — 19,8 — 19) has a pattern similar to
a chessboard. This is because each label content is followed
by a date content; dates have a strong similarity to each
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other, while the labels are unrelated to dates. It is also in-
teresting, that contents distributed over the whole web page
can be very similar, as e.g., (1,63), but comparing the cor-
responding labels which is Important Dates in both cases,
shows the reason.

5.2 Clustering performance

In this part of the evaluation, we investigate the perfor-
mance of different clustering approaches combined with the
proposed distance metrics.

Dataset. We collected a sample of 78 web documents
from 8 different categories of the Yahoo! directory resulting
in 23,819 web contents (text and content images) as data col-
lection. The web contents of the documents were grouped
manually by 3 volunteers. They got the instructions to cre-
ate structurally and semantically coherent groups. Although
this process lacks of objectivity, we suppose that the volun-
teers at least have a good idea of what "coherent” blocks
are.

Parameter estimation. The parameter k in k-means
clustering can be set to the number of classes, the user
has specified for a given web page. Similar, for single link
clustering, the appropriate level at which the dendogram is
cut, can be chosen by considering the number of clusters
to produce. However, in DBSCAN the parameters Eps and
MinPts had been considered empirically. For this purpose,
we run DBSCAN iteratively with different parameter con-
figurations, and the best parameter settings in regard to the
Rand statistics were applied.

Cluster Separation. In order to compare the results
of different clustering techniques in different configurations,
we compute the Dunn index for each run. The Dunn index
expresses, how well the web contents are separated in a given
clustering result. This measure is defined as the ratio of the
smallest distance between two web contents that are not in
the same cluster to the highest distance of contents that
are in the same cluster. The higher the Dunn index value,
the better the clusters are separated in regard to a distance
measure. Values over 1 indicate a good separation.

Table 1 summarizes the average Dunn index over the com-
plete collection for the different clustering approaches with
different distance measures employed.

DOM-based | geometric | semantic
k-medians 1.03 0.34 1.05
single link 1.12 0.43 1.02
DBSCAN - 0.24 1.18
DBSCAN (ext.) 0.35 - -

Table 1: Average Dunn index for different distance
measures and different clustering techniques.

The first remarkable observation is, that the semantic-
based distance has Dunn index values over 1 which indi-
cates that in the metric space derived by the semantics of
contents, the contents are well distributed. In our experi-
mental studies, we further recognized, that the Dunn index
could be even better for less clusters when semantically co-
herent blocks had to be separated due to the specified num-
ber of clusters. The DOM-based distance gets similar results
for k-medoid and single link clustering, however in the ex-
tended DBSCAN algorithm, the Dunn index is very low.

This happens due to an important property of the extended
DBSCAN: we start first by putting together contents with
a high density in a first cluster and then continue with the
next cluster of a higher density, and repeat this step until in
the last cluster we reach the highest density. This yields to
a very high intra-cluster distance in the cluster with high-
est density and on the other hand a relatively small inter-
cluster distance for clusters of small density. However, we
have measured the Dunn index for the extended DBSCAN
in combination with the DOM-distance because of an impor-
tant distribution property of DOM-distance: contents are on
different levels of the DOM tree and thus clusters of differ-
ent densities are expected. The geometric distance measure
reaches low separation values. This observation can be jus-
tified with the following simple example depicted in Figure
(6]

4 5 6

e
intra-cluster distance

=
intra-cluster distance

Figure 6: Partitioning six contents in two clusters
using geometric distance.

In this example, six web contents (here presented by their
visual boxes) have to be grouped in two clusters. A good
clustering is given by the dotted rectangles. However, in this
case the inter-cluster distance is much smaller than the intra-
cluster distance, which results in Dunn index lower than 1.

Rand statistics. To compute the correspondence be-
tween computed and manually defined clusters, the follow-
ing contingency table shows four relations that can occur
between pairs of contents:

Same cluster | Different cluster
Same class fin f1o
Different class for foo

In this table, we distinguish between content pairs that are
classified by volunteers to belong together or not, or respec-
tively computed by a clustering method to belong together
or not. Based on this values, we can compute the Rand
statistic, which is defined as follows:

foo + f11
Joo + for + fio+ fi1~

As for the Dunn index, the higher the Rand statistic value,
the better the clustering performance. Table 2 summarizes
the average Rand statistic results for different clustering ap-
proaches with different distance measures.

For the single link and extended DBSCAN method the
DOM-based distance gets the highest accuracy while the
for k-medoid clustering the Rand statistic gets lower. This
might be a consequence of the hierarchical distribution of the
contents by the DOM-distance. This hierarchy is not con-
sidered by the k-medoid algorithm. The geometric distance

Rand statistic =



DOM-based | geometric | semantic

k-medoid 0.45 0.47 0.25
single link 0.52 0.41 0.24
DBSCAN - 0.43 0.27

DBSCAN (ext.) 0.61 - -

Table 2: Average Rand statistic for different dis-
tance measures and different clustering techniques.

reaches the highest accuracy combined with the k-medoid
method which might be justified by the property of the geo-
metric distance to spread the web contents over a geometric
space. In tests with single link and traditional DBSCAN
the accuracy values were lower. Finally, a last interesting
observation is that the Rand statistics of the semantic dis-
tance were low independent of which clustering method was
used. A possible explanation might be given by the distance-
matrix visualization example from Figure[5] The semantic
distance can assign a high value to web contents that, e.g., in
the browser representation are next to each other because
they do not share common semantics. Respectively, con-
tents that are spread over the complete document can get
very low distances because their semantics are almost equal.

6. CONCLUSIONS AND FUTURE WORKS

In this work, we have reduced the page segmentation task
to web content clustering. We have defined possible dis-
tance functions which were combined with different cluster-
ing techniques. The DOM-distance measure combined with
the extended DBSCAN algorithm reached the best Rand
statistic value in average. Otherwise, the best separation
values have been achieved by the semantic distance. As a
next step, we plan to further investigate distance measures
that are derived by combining the proposed distance mea-
sures. Also dividing the clustering process in more steps
could be suitable. In the first step a coarse segmentation
could be done by a clustering technique combined with a
distance measure, and in the next step the resulting clusters
can be partitioned into finer segments by another cluster-
ing technique and distance measure. We further indent to
confirm the results on a larger scale, with more labeled doc-
uments and more users involved and compare the results to
the other Page segmentation approaches from the literature.
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