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ABSTRACT

Template Detection algorithms use collections of web
documents to determine the structure of a common under-
lying template. Content Extraction algorithms instead op-
erate on a single document and use heuristics to determine
the main content. In this paper we propose a way to com-
bine the reliability and theoretic underpinning of the first
world with the single document based approach of the lat-
ter. Starting from a single initial document we use the set of
hyperlinked web pages to build the required training set for
Template Detection automatically. By clustering the doc-
uments in this set according to their underlying templates
we clean the training set from documents based on differ-
ent templates. We confirm the applicability of the approach
by using an entropy based Template Detection algorithm to
build a Content Extractor.

KEY WORDS
Content Extraction, Template Detection, Template Cluster
ing, Web Mining.

1 Introduction

Web Content Management Systems (WCMS) are becom-
ing a more and more common solution for maintaining web
sites. Accordingly, more and more of the documents on
the web are based on template structures. Templates allow
to combine contents from different sources and to compile
them into the documents intended for presentation to the
web users. Among the different incorporated contents is
the article which forms the main content of the document,
but as well commercials, references to other documents and
automatically generated contributions like the navigatio
menu or related links lists.

Several algorithms have been developed to automat-
ically detect the template structures in order to identify
and / or extract particular parts of a document such as the
main content. These structure detection algorithms depend
on training sets which usually require a manual or semi-
automatic selection of documents which are based on the
same template.

Content Extraction (CE) algorithms have a similar
goal: to identify the main content within a single and iso-

lated document. These approaches are usually based on
heuristics and work for textual main contents only. If the
main content is not a text or the assumptions about how
to locate it do not hold, the algorithms might fail entirely.
Their advantage instead is, that they do not need a set of
training documents and therefore can be run out of the box.

Several applications can benefit from CE and Tem-
plate Detection (TD) under different aspects: Web Mining
and web based Information Retrieval applications use these
techniques to pre-process the raw HTML data in order to
reduce noise and improve accuracy, other applications use
CE to rewrite web pages for presentation on small screen
devices or access via screen readers for visually impaired
users. Yet another field of application is to remove addi-
tional contents in order to speed up the download time via
connections with narrow bandwidth.

This paper discusses a way to combine the advantages
of the two worlds. Starting from a single initial document
we collect all the web documents it references by hyper-
links. By clustering the collected documents according
to their underlying templates, we create a clean training
set suitable to detect the template structure of the initial
document. We use this possibility to develop an entropy
based CE algorithm. The extraction is achieved by elimi-
nating the initial document’s texts which are redundant in
the training set, thus using the benefits of TD concepts.

We will proceed with a look at related works in the
next section, before describing our solutions for collegti
and clustering web documents to generate training sets in
sections 3 to 5. Afterwards we outline the entropy based
CE method in 6 and explain the experiment setup we used
to evaluate our approach in section 7. After presenting the
results we conclude the paper with a few remarks and op-
tions for future improvements.

2 Related Works

The problem of recognising template structures in web doc-
uments was first discussed by Bar-Yossef and Rajagopalan
in [1], proposing a template recognition algorithm based
on DOM tree segmentation and segment selection. Yang et
al. proved in [2] the general problem of finding an unam-
biguous schema representing a template to be NP complete.



There is, however, a number of practical works about tem-
plate recognition algorithms.

Lin and Ho developed InfoDiscoverer [3] which is
based on the idea, that — opposite to the main content —
template generated contents appear more frequently. To
find this redundant content, they disassemble the web pages
in a training set into blocks of text content, calculate an
entropy for each of those blocks and discard them if they
have a too high entropy value. Debnath et al. used a sim-
ilar assumption of redundant blocks in ContentExtractor
[4]. They take into account not only words and text but
also other features like the presence of image or script el-
ements. The Site Style Tree approach of Vi, Liu and Li
[5] is concentrating more on the visual impression single
DOM tree elements are supposed to achieve. They look
for identically formatted DOM sub-trees which frequently
occur in the documents and therefore are declared to be
produced by templates. A similar but slightly more flexible
solution is to look not for equally formatted but for struc-
turally similar sub-trees, as done by Reis et al. in [6]. They
introduced the tree mapping algorithm RTDM to calculate
a tree edit distance between two DOM trees. The tree edit
distance is used as well to perform a cluster analysis in or-
der to find clusters of different templates within the trami
set. Another approach to automatise building training sets
was recently proposed by Chakrabarti, Kumar and Punera
in [7]. They combine the site-level TD algorithm of [8] to
produce training sets for a classifier which assigns a tem-
plateness score to each single node in the DOM tree.

One of the more prominent solutions for CE is the
Crunch framework. It was introduced by Gupta et al. in [9]
and is refined continuously. Avoiding a one-solution-fits-
all approach, Crunch combines several heuristics to dis-
cover and remove e.g. link lists, text lists, blocks witha to
high link ratio or commercial banners. The main objective
of Crunch is to optimise HTML documents for presenta-
tion on small screen devices or to improve accessibility for
screen readers. Debnath et al. developed the Feature Ex-
tractor algorithm and its extension the K-Feature Algarith
in [10]. The underlying idea is to segment a web docu-
ment in blocks and analyse this blocks for the presence and
prevalence of features like text, images, JavaScript dte. T
extraction process is based on retrieving those blockstwhic
correspond best to certain desired features, e.g. textéor t
classical main content. Finn et al. introduced the Body Text
Extraction (BTE) algorithm in [11] as a pre-processor for
their application classifying news articles on the web®in
et al. [12] extended the BTE approach to construct Docu-
ment Slope Curves (DSC). In [13] we developed a way to
measure, evaluate and compare CE algorithms based on the
standard IR measures Precision, Recall and F1. Comparing
different approaches, an adaptation of the DSC algorithm
turned out to be the best performing general CE method.

Buttler [14] discusses several ways to measure the
similarity between XML documents. Tree edit distances
are stated to be probably the best but as well a computa-
tionally expensive similarity measure. Therefore Buttler

proposes the path shingling approach which makes use of
the shingling technique suggested by Broder et al. in [15].

3 Building Training Sets On-the-fly

To incorporate the CE algorithms’ advantage of being able
to operate on a single and isolated document into the TD
algorithms, we have to build a set of suitable training docu-
ments automatically. We achieve this in two steps: First, to
find a set of documents which are likely to be based on the
same template as the initial document, and second, to filter
out those documents which are not based on this template.

To solve the first problem we simply download the
web documents referenced from the initial document via its
hyperlinks. Recalling our initial remark about the increds
use of WCMS serves this approach. Web pages created by
a WCMS usually have a high number of intra-site links.
Further, the documents originating from the same web site
are a good source for building training sets as they are very
likely based on the same or at least similar templates. To
separate documents based on the same template as the ini-
tial document from those based on different templates or no
template at all, we perform a cluster analysis. The clusters
are formed based on the structural similarity of the docu-
ments, as the structure is imposed mainly by the underlying
template. The cluster containing the initial document will
then serve as training set for TD.

A similar approach of clustering documents to purify
training sets is taken by Reis et al. in [6]. They use the
top-down hierarchical tree matching algorithm RTDM to
calculate the similarities and form clusters with a sinifyar
threshold of 80%. Even though the algorithm has proven to
perform quite well in practice, it still has a quadratic wors
case complexity. Further, the paper does not mention any
evaluation of how well this clustering approach works.

4 Measuring Structural Distances between
Web Documents

Especially the above mentioned high computational cost
for measuring the structural distance between documents
by tree edit costs calls for faster alternatives. We will de-
scribe three approaches which are significantly faster in
comparing documents.

4.1 Common Paths Distance

One alternative way to compare the structure of web doc-
uments is to look at the paths leading from the root node
to the leaf nodes in the DOM tree. A path is denoted e.g.
by concatenating the names of the elements it passes from
root to leaf. For each document it is then possible to
represent it by the se{ D) of paths it contains. A distance
measure can be computed via the intersection of the two
path sets of two document; and D-:



_p(D1) Np(D2)|
max(|p(D1)], [p(D2)])

Computing the paths for the documents can be done
in linear time with respect to the nodes in the DOM tree.
Using hashing, the intersection of the two resulting sets ca
be computed in expected linear time as well.

dep(D1,D2) =1

1)

4.2 Common Path Shingles Distance

The idea of path shingles is not to compare complete paths
but rather breaking them up in smaller pieces of equal
length — the shingles. The advantage of this approach is
that two paths which are differing only for a small part, but
are quite similar for the rest, will have a large “agreement”
on the shingles. The shingling can be realised in a way
that it does not add any substantial cost to the computation
compared to the CP distance.

So, if ps(D) provides the path shingles for a docu-
ment D, the path shingle distance can be computed simi-
larly as above by:

Ips(D1) N ps(Dy)|
max(|ps(D1)|, [ps(D2)|)

dcps(D1,Ds) =1 — 2

4.3 Common Tag Sequence Shingles Distance

The shingling technique allows us to look at the structure
of a document in yet another way. While comparing the
entire sequence of the tags as they appear in the source
codes of the documents is computationally too expehsive
comparing the shingleis; (D) of this sequence is feasible.
The shingles maintain a certain context for each tag with-
out having to look at the complete document. The distance
can be computed analogous to the path shingle distance:

B [ts(D1) Nts(Dy)]
max([ts(D1)], [ts(Da2)|)

derss(D1,D2) =1 (3)

5 Template Clustering

The first indication for evaluating these three approaches
was to look at the time they needed for computing the dis-
tance between documents — especially in comparison with
RTDM. For this purpose we measured how long it took
to compute a distance matrix for a set of documents. The
time needed to calculate the distances between all combi-
nations of two documents in the set is obviously increas-
ing quadratic with the size of the document set. However,
the graph in figure 1 shows the additionally impact of the
guadratic complexity of comparing two documents using
RTDM. CP, CPS and CTSS distance measures instead can
be computed reasonably fast.

1Computing the longest (not necessarily continuous) sulesep has
again quadratic time complexity.

sec

Number of Documents

Figure 1. Time to compute a distance matrix for an in-
creasing number of documents using the different distance
measures.

Distance Measur¢ RTDM | CP| CPS| CTSS|
| 0.466] 1.169] 1.227| 1.290]

IDunn

Table 1. Dunn index p,,, for all distance measures.

Very important is as well how suitable the different
distance measures are for clustering documents according
to their underlying templates. To evaluate this suitapilit
we use a corpus of 500 documents taken from five different
German news web sites. The documents from each web
site are selected from different areas and are based on the
same or at least similar templatesTo see how well the
five groups of documents based on the same template are
separated by the distance measures we use the Dunn index.
The Dunn index sets in comparison the maximum distance
dmaz Which occurs between items in the same group with
the minimum distancd,,,;,, which occurs between items
from different groups and is defined dg.,., = %.

High values forlp,,., correspond to a better partitioning
of the documents with regard to their underlying templates.

The results in table 1 are quite surprising: compared
to the other measures the tree edit distance algorithmss les
suitable for the task of separating documents according to
their templates. This insight in combination with the highe
computational cost led to the decision to discard the RTDM
based distance for incorporation in a cluster analysis.

To further determine a suitable distance threshold sep-
arating documents based on the same template and those
based on differenttemplates we looked at the distributfon o
distances within the distance matrices. Figure 2 shows the
histograms for the distance distributions using a logarith
mic scale. All three measures show large gaps (distances
which never occur) between higher and lower distances.
The CP distance even appears to have two gaps. Assum-

2We deduced the common template from the visual impact ofdice d
uments and a brief analysis of the source code.



Table 2. Using the Rand indek,,q to evaluate single
linkage clustering with the distance thresholds chosen ac-
cording to the gaps in the distance histograms.

Distance Measure CP CP | CTSS| CPS
Threshold 0.7 09| 0.85 0.6
No of. Clusters 5 3 5 5
IRrand 1.000| 0.760| 1.000| 1.000

ing the distance distributions and their gaps to be typical
we used the single linkage clustering method with cluster-
ing thresholds of 0.6 for CPS, a threshold of 0.85 for CTSS
and with thresholds of 0.7 and 0.9 for the CP measure.

The applied single linkage clustering is a hierarchi-
cal clustering method. Hence, it has the advantage that
it is not necessary to fix a-priori the number of clusters
to be formed. Instead it starts off with each document
forming a cluster on its own. The clusters are iteratively
merged, where the single linkage approach is always merg-
ing those two clusters for which the distance between two
of the documents from the two clusters is minimal over all
inter-cluster distances. If all distances between thetetas
are above the given threshold the algorithm stops with the
current cluster configuration as result.

To evaluate this configuration we use the Rand index,
which is comparing how often a computed cluster config-
uration agrees or disagrees with a known reality. In our
context an agreement corresponds to the cluster analysis
either claiming correctly two documents to be based on the
same template or to claiming correctly two of the docu-
ments having different underlying templates. A disagree-
ment accordingly corresponds to either putting documents
together in a cluster which have different underlying tem-
plates or to separate them in different clusters though they
are based on the same template. S i&nd D are the
number of agreements and of disagreements, the Rand in-
dex is defined a#rans = 425

The 0.9 threshold for CP turned out to be too low and
resulted in three clusters only. Table 2 shows that beside
this exception the gaps do really correspond to a separation
of the actual clusters as the Rand index has a value of 1.
So, choosing the distance threshold accordingly for asing|
linkage clustering results in perfect groups of documents
which are based on the same template.

6 Entropy Based Template Detection

In section 2 we referred already to several works discussing
TD algorithms. Some of them — namely InfoDiscoverer,

ContentExtractor and to a certain degree as well the ap-
proach of Bar-Yossef and Rajagopalan — are segmenting
the pages to find redundant pieces of information. We use a
simplified version of those approaches to confirm that our

3Something that would be very difficult to do as it would impty t
estimate the number of templates found among the linkedspage

idea of training set generation for TD is working and to
complete the link to the CE world. Given the background
of CE, we analyse only the texts appearing in the web doc-
uments of the training sets. We base the segmentation of
a web document on its DOM tree representation: each text
node in the DOM tree is considered a segment of the web
page. Counting in how many documents the fragments ap-
pear we calculate the document frequency (DF) of the texts.
If the DF for a text fragment found in the initial document
is too high we accordingly remove it from the document.
In this way all redundant texts are removed and the content
remaining should be the main content — which corresponds
to the functionality of a CE algorithm.

7 Evaluation

Our comparison of different CE algorithms in [13] used dif-
ferent criteria for comparing CE methods. For evaluation
of the extraction performance we provided a gold standard
for the main content of documents. This allows to use In-
formation Retrieval measures like Recall, Precision and F1
to evaluate how close is the content extracted by a CE al-
gorithm to the actual main content. Though we proposed
several granularities for this evaluation, they turnedtout
deliver comparable results. Hence, we use only the ap-
proach modelling the main content as a sequence of words.
As well a CE algorithm is extracting a sequence of words.
Based on the longest common subsequence of these two
sequences as a notion of extracted relevant content we can
determine Recall, Precision and F1 for the extraction pro-
cess. Precisio? is the ratio of extracted relevant items
(in our case words) to all extracted items, Rec¢alhstead

is the ratio of extracted relevant items to all relevant gem
Based on those two concepts, the F1-measure is defined as
2f.L and combines both values in a single measure.

As base line for comparison we will use again the
“plain” extraction method which means to extract all text
contents from a web document. This pseudo-method cor-
responds to not using CE at all and allows to claim from
any CE algorithm to perform better than this alternative.
As in [13] we further found out, that an adaptation of the
Document Slope Curve (DSC) approach of Pinto et al. [12]
is the best performing general purpose CE algorithm, we
will use as well this method for comparison with our ap-
proach. DSC is based on the heuristic that the main content
is usually a longer text which contains few or no tags in the
source code. Applying a windowing technique, DSC deter-
mines areas in a document which satisfy this characteristic
of the main content.

As test data we used several web documents from
three German and two Italian news web sites and outlined
manually the text of their main content. Along with the
documents themselves we downloaded all the linked web
pages to provide our algorithm with the data needed for
generating training documents. Altogether the test data
comprised 746 documents with an outlined main content
and 10.994 supplementary documents referenced by hyper-
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Figure 2. Distribution of distances for the fast distancasuges (logarithmic scale)

links. The documents used in this tests were different from
the ones used for fixing the distance thresholds for the sin-
gle linkage clustering to avoid interferences between the
experiments.

Clustering for each of the documents the linked pages
using each of the three distance measures CP, CPS and
CTSS, we determined training sets for the TD algorithm
described above in 6. A text fragment was discarded as
being redundant if it appeared in more than a third of the
documents in the training set. The remaining texts were
compared to our gold standard for the main content. The
same procedure — without the detour of building training
sets — was used for the DSC and plain approach.

Table 3 summarises the results of the experiments,
showing the average F1 score obtained for the CE process
on the web documents of the five different news web sites.
The first thing to notice is that the performance of the en-
tropy based algorithm is always above the alternative of not
using CE at all. This demonstrates the applicability of the
approach. It suggests as well, that the generated training
sets are suitable for a TD task. Otherwise the results would
be comparable to the plain method as no redundant tem-
plate information would be found and accordingly no texts
would be removed.

Further, all three underlying distance measures lead
to the same quality in the results. For some test documents
there are slight differences in performance, but the varia-
tions are not significant enough to derive a superiority of
one of the approaches. This allows to favour the simple
path based CP distance measure, as it is slightly faster com-
pared to the other two distance measures.

Compared to DSC the results are not as clear. For
the documents taken from the web sites of I'espresso and
Telepolis the entropy based approach is delivering better
F1 results, for the other three web sites the results are
worse. Looking more closely at the performance in the Re-
call and Precision measures explains this observation. The
entropy based algorithm always scores a very high, often
even a perfect Recall value, i.e. the extractor almost cer-
tainly finds the main content. The Precision instead is not
as good, which means that some other contents are not re-
moved even though they ought to be. Thus, the Precision
improvements compared to the plain series are usually not
of the same magnitude as those of DSC. DSC however is
never scoring a perfect Recall. This tradeoff of sacrificing

Recall for improving Precision favours DSC in the light of
the F1 measure.

An explanation for the poorer Precision performance
of the entropy based CE method is the way the extractor
is working. If a text is created by a WCMS in the con-
text of a particular document — e.g. a list of related links
— they might not appear in the same form on other, linked
pages found in the training set. Accordingly these textk wil
not be discovered to be redundant and will not be removed
from the document. The problem, however, is common to
all entropy based TD methods and can appear even for per-
fect training sets.

Looking at the results, the entropy based algorithm
might be a suitable solution for applications, which requir
a high recall and can easily handle additional data. A typ-
ical scenario for such an application is streamlining web
pages for displaying them on small screen devices or pre-
processing them for screen readers. Mutilating the main
content by extracting too little of it is obviously counter-
productive in these cases, while the user can easily ignore
some additional contents, which were extracted wrongly.

Another drawback of the TD algorithms is the time
they need. While most traditional CE algorithms process
an HTML document within fractions of a second, any al-
gorithm needing a training set will take far longer. Down-
loading the linked documents, calculating the distance ma-
trix and applying the TD algorithm is very time consuming
and renders this approach so far unsuitable for a decent on-
the-fly CE.

8 Conclusions

In this paper we presented a way to bring together the two
major benefits from the worlds of Template Detection and
Content Extraction. Combining the possibility of working
out of the box and without the need of explicitly providing

a training set with the theoretic underpinning of TD algo-
rithms allows to create a new class of CE algorithms. The
aim was reached mainly by performing a cluster analysis
on the set of referenced documents to find a subset of doc-
uments based on the same template. This subset was used
as an automatically generated training set for a simple en-
tropy based TD algorithm. We showed in our experiments
that this approach scores very high Recall values and there-
fore might be a good solution for applications that require



CE Algorithm Web site providing the documents
I'espressgHeise Onlingla RepubblicaSpiegel OnlingTelepolig
Entropy (CP) | 0.721 0.690 0.807 0.636 0.901
Entropy (CPS)| 0.722 0.675 0.794 0.636 0.899
Entropy (CTSS) 0.722 0.671 0.791 0.637 0.902
DSC 0.690 0.808 0.906 0.938 0.854
Plain 0.523 0.501 0.677 0.548 0.861

Table 3. Performance of the Content Extraction methods

to retrieve the main content entirely.

Employing more sophisticated web document seg-
mentation methods and more detailed algorithms for de-
tecting redundant information might improve the Precision
score obtained by the approach. Already finetuning the
document frequency threshold used for the CE might lead
to improvements. Another point for future works will be
to speed up the extraction process. A possibility could be
to limit the size of the generated training set, as the time
complexity for computing the distance matrix underlying
the clustering is of quadratic order. A further improve-
ment could be to reduce the necessity to download all refer-
enced documents by selecting only those links which look
promising. A different and quite applied extension will be
to build in a fallback solution if no suitable training docu-
ments for TD are found during the cluster analysis.
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