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ABSTRACT
Despite the high level of success attained by keyword based
information retrieval methods, a significant fraction of in-
formation retrieval tasks still needs to take into account the
semantics of the data. We propose a method that combines
an hand-crafted ontology with a robust inductive inference
method to assign semantic labels to pieces of technical arti-
cles available on the Web. This approach, together with a
query language developed for the purpose, supports queries
that cannot be resolved using currently available tools. We
present preliminary results that describe the precision of the
assigned labels and the accuracy of the replies to the seman-
tic queries present to the system.

Categories and Subject Descriptors
I.2 [Computing Methodologies]: Artificial Intelligence;
I.2.6 [Artificial Intelligence]: Learning—Concept learn-
ing

General Terms
Algorithms

Keywords
Ontology, ontology learning, naive bayes, information re-
trieval

1. INTRODUCTION
There are billions of documents available on the Web about
many different subjects, ready to be retrieved by search en-
gines. Search engines use several techniques, but the most
important is keyword search. Usually too many documents
are retrieved. Therefore, it would be interesting to narrow
down the number of documents that are retrieved by using
some sort of meaning of the information present in those
documents – the semantics. For instance, we may be look-
ing for conferences where Mr. X is engaged as Chair, but

not in the Program Committee. If we search, using the key-
words “Conference Chair” and “X” we are bound to retrieve,
not only the pages of the Conferences where he is Chair, but
also Conferences where he is in the Program Committee and
even its CV.

In the case of documents, in particular articles, we may want
to retrieve documents whose author is Mr. X, but where Mr.
X is not referred in the bibliography or vice-versa. In this
case, the semantics is connected to the part of the document
where the information is present. Therefore, the meaning of
the information present in a webpage is important to im-
prove search engines. If we could combine keyword search
with some sort of semantic search we would be able to im-
prove precision and recall.

One of the aims of the Semantic Web vision [3] is to use
the semantics of the information in the web to allow more
sophisticated and precise queries.

Ontologies provide a shared and common understanding of
a domain that can be communicated between people, and
heterogeneous and widely spread application systems. Typi-
cally, ontologies are composed of a set of terms representing
concepts (hierarchically organized) and some specification
of their meaning. This specification is usually achieved by
a set of constraints that restrict the way those terms can
be combined. The latter set constrains the semantics of a
term, since it restricts the number of possible interpretations
of the term. Therefore, we can use an ontology to represent
the semantic meaning of a given term.

If the documents are annotated in accordance with a docu-
ment ontology it is possible to develop search engines that
use this annotation to achieve better results. For instance, if
we had information about title, authors, sections and other
parts of the document, we would be able to develop a special-
ized search engine where we could specify that we wanted to
find articles about an author whose name contains the key-
word “Cook” but we are not interested in documents about
cooking – in this case with this keyword in the title or in
the content of the article.

In this paper we propose a framework that supports this
type of queries.



This paper is organized as follows: We briefly describe the
problem and related work(section 2), and the approach we
used to solve it (section 3). The preliminary results (section
4) are discussed (section 5). We end with conclusions and
future work (section 6).

2. PROBLEM STATEMENT AND RE-
LATED WORK

The extraction of semantic information from semi-
structured Web pages is a subject that has been extensively
studied in recent years. An exhaustive description of the
approaches is outside the scope of this paper, and can be
found elsewhere [10]. One possible taxonomy of these ap-
proaches classifies them into one the following categories:
syntax tree based approaches; approaches based on special
purpose languages; interactive wrapper induction; natural
language processing methods; ontology based approaches
and machine learning based methods.

Syntax tree based approaches use HTML parsers to derive
a syntax tree and then process this tree using pre-specified
rules. A representative example of this approach is Road-
Runner [5].

Wrapper development can also be done using special pur-
pose languages that simplify the process of data processing
as, for example, [2].

Interactive wrapper induction tools derive rules for extract-
ing relevant information by interacting with the user [12,
1].

Tools that use natural language processing (NLP) to extract
relevant pieces of information from texts [4, 13] apply NLP
techniques to derive applicable filters.

More directly related with our work are tools that use hand-
crafted ontologies to identify relevant pieces of information
from texts [7, 6] and tools that use machine learning based
approaches to learn from labeled data [9, 8, 11].

Our work is different in that it represents a fusion of the
ontology-based approaches and the machine learning meth-
ods. Our objective is to use the basic concepts of an ontology
as a starting point and then to use labeled examples and an
inference method sufficiently powerful and flexible to deal
with irregular structures, a capacity that previous methods
[9, 8, 11] do not exhibit.

Since we are interested in improving the task of finding rel-
evant articles in the Semantic Web, we require an ontology
about documents, and, in particular about articles. An on-
tology about articles defines concepts, such as title, author,
abstract, affiliation, section and its possible subdivisions,
bibliography, name of the conference, etc. Moreover, we
know that there are relations, and specially spatial relations
between these concepts. For instance we know that an ab-
stract comes before any section.

Although we could manually build this ontology, ontology
building is still more of an art than an engineering task.
Moreover ontology building is a knowledge intensive and
time consuming task. On top of that, this would probably

mean that we had to manually annotate documents accord-
ing to it, which is a tantalizing task.

Therefore, the idea is to automatize as much as possible
the task. The focus of this paper is the automation of the
task of building an ontology about articles using a Naive
Bayes approach to identify re-occurring features in HTML
documents.

These ideas generalize the range of applicability of the
method to pages generated by humans using a format that
is not necessarily consistent. In this respect, our approach is
more powerful than previous ones, that were able to handle
only machine generated pages. We have found that, even in
the same conference, HTML articles present sufficient vari-
ation as to make a specialized wrapper a difficult approach.
Moreover such a wrapper would not extend to other sources.

There are also some common points with other approaches,
namely the pre-processing stage, common to most HTML-
aware extraction tools.

3. FEATURE EXTRACTION
The focus of the work reported in this paper is the decom-
position of the text of an article into individual segments.
Each segment is characterized by a set of attribute-value
pairs and assigned to a particular class.

This section describes the proposed approach and tech-
niques.

3.1 General Approach
The approach used to perform the segmentation of HTML
articles is divided into three stages: (1) a pre-processing
stage, followed by the (2) segmentation stage and finally a
(3) classification stage. As a result of this process, each
HTML article is broken into instances of a small number of
chosen classes.

3.1.1 Pre-Processing
In this stage HTML source files are transformed into
XHTML files. This transformation is common to other work
on HTML files and is mainly due to two reasons: (1) one
needs to clean the usual mistakes that can be found on most
HTML files; (2) one can leverage on existing tools that pro-
cess XML files.

3.1.2 Segmentation
The segmentation stage transforms XHTML files into a list
of segments. A segment is a block of text with a set of
characterizing attribute values. Each attribute represents an
important feature useful either for the segmentation stage
or the classification stage. The attributes presented in the
following were gradually and empirically chosen. They were
kept as long as they imposed the classification results.

The set of attributes is divided into two main types:

1. XHTML based types - are computed from the inspec-
tion of XHTML tags.



(a) Segment divider - are used to drive the segmen-
tation stage. Their change indicates the end of a
segment and the beginning of a new one.

(b) Non-segment divider

2. Post-Processing - are computed from the segments re-
sulting from the segmentation stage.

In general, the attributes give information about three fea-
tures of segments:

Text Format These are the attributes that drove the seg-
mentation. In our opinion, these attributes are one of
the main means by which people identify the different
parts of an article structure.

Font size (segment divider, post-processing)
The current font size. The font size attribute
is normalized by dividing it’s value by the
maximum found in the current article and then
converting the result into an integer from 1 to
10. This allows for a better comparison between
articles that use a different scale of font sizes on
section titles, for example.

Font style (segment divider) The current font
style, that is, if the text is in bold, italic, etc.

Text Information A set of attributes that reflect informa-
tion contained in the segments text. All of them are
post-processing attributes.

Text information The length of the text in each seg-
ment has a big weight on its classification. This
information is transformed into the following dis-
crete scale: 0 to 30, 30 to 80, 80 to 160, 160 to
1600, 1600 to 16000, bigger than 16000. This
scale was obtained empirically. Initially, the first
three intervals were collapsed and where intended
to capture the size of a one or two line sentence,
for example the title of an article. Later we ob-
served that it was helpful to further subdivide this
interval, so that small segments of text where not
mistaken as titles and section titles. The other in-
tervals are there to capture small paragraphs and
larger segments of text.

Keyword If the text segment starts with one of a
given list of keywords, the attribute value is the
keyword index in the list.

Numbering Some segments may start with a se-
quence of numbers, namely the section and sub-
section titles. This attribute captures the cardi-
nality of that sequence. If a section starts with
“1.4.5” the attribute value is 3.

Context Another important factor in the classification of
a segment is context information which reflects the
segments surrounding the segment we are considering.
This allows the segment’s neighborhood to influence
its classification. Here we chose to use:

Surrounding text (non-segment divider) This
attribute indicates the presence of surrounding

text. This is useful to distinguish between
bold-faced font that is used to give emphasis to
a block of text and a bold-faced font that is used
in a title of a section, for example.

Image exists (non-segment divider) This at-
tribute indicates the existence of an image. It is
used to distinguish a image caption from other
headings.

Next segment Image exists (post-processing)
The value of the “Image exists” attribute of the
following segment. This was found to be useful
in recognizing figure captions that sometimes
occur before the image.

Class of previous segment (post-processing)
This attribute contains the classification of the
previous segment (this attribute is added during
the training and classification stages).

Table exists (post-processing) The same as the
“Image exists” attribute but for tables.

In the case of tables, as opposed to images, their content is
recognized as blocks of text, making the use of a “Next seg-
ment Table exists” attribute misleading. This was observed
in our experiments, where the addition of this attribute re-
duced the performance of the classifier and as such it was
not included.

3.1.3 Classification
To classify the segments found after the segmentation stage
we used a Naive Bayes classifier. In this stage each segment
is labeled with the result of the classification. The classifi-
cation uses the information contained in the attribute of the
segment.

The choice of a supervised classification method, versus an
unsupervised one, was mainly due to the goal of later creat-
ing an ontology. If we had chosen an unsupervised method
we would still have to give appropriate class names to the
resulting classes.

3.1.4 Naive Bayes Classifier
In a Bayes classifier, a problem instance is described by a
set of attribute values and its target value (class) is one of
a finite set of values. The target value of a new instance is
the class with the greatest a posteriori probability given the
training examples. That is:

CMAP = argmax
Ci∈C

P (Ci|A1 = vk1...An = vkn) (1)

Using the Bayes theorem:

CMAP = argmax
Ci∈C

P (A1 = vk1...An = vkn|Ci).P (Ci)

P (A1 = vk1...An = vkn)
(2)

which is equivalent to:

CMAP = argmax
Ci∈C

P (A1 = vk1...An = vkn|Ci).P (Ci) (3)



The naive Bayes simplifying hypothesis is that the attribute
values are conditionally independent given the target value.
The resulting classifier is:

CNB = argmax
Ci∈C

P (Ci)
∏

j

P (Aj = vkj |Ci) (4)

3.2 Algorithms
3.2.1 Pre-processing
To perform the pre-processing of the HTML pages, we used
the HTML Tidy program1. This program uses a set of
heuristics to try to correct the mistakes found on HTML
pages and allows the transformation of HTML pages into
XHTML. The program is not always able to transform the
input documents, but works for the vast majority.

3.2.2 Segmentation
The segmentation algorithm has two steps. In the first step,
the XHTML page is processed resulting in a list of segments.
In the second step, this list is refined.

The first step consists in walking the XML DOM (Document
Object Model) [14] tree that corresponds to the XHTML
page, starting at the < body > node. There are two cases:

1. If the current node is a text node, then it’s value is
appended to the current segment’s text.

2. If the current node is a tag node, then it is presented
to the appropriate attributes for processing. If there is
a change in the attributes that drive the segmentation,
then a new segment is created with the accumulated
text and the current values for the attributes. The tag
that caused the segmentation is memorized along with
the value for the attributes prior to the change.

When going up the tree, if we pass a tag that was memorized
in the second case, the attribute values are restored, as the
tag is no longer affecting the remaining text.

The second step is responsible for four things:

1. Merge consecutive segments that have the same at-
tribute values.

2. Remove segments that have only whitespace as text.
This sometimes happens because of the use of whites-
pace to promote page alignment.

3. Apply the attributes that are derived from the seg-
ments (post-processing type).

4. Normalize attributes that require it. In this work the
only attribute normalized is the font size, as previously
explained.

The order of the first and second items in this step are im-
portant since the “empty” segments are usually text dividers
and as such the segments they split should not be merged.

1Available at http://www.w3.org/People/Raggett/tidy/

3.2.3 Classification
As it was already said, we used the Naive Bayes classification
algorithm. To use this classifier we have to estimate the
following probabilities during the training phase:

• P (Ci), where Ci is one of the chosen classes.

P (Ci) =
segmentsi

|examples| (5)

where segmentsi is the number of segments classified
in Ci and |examples| is the number of segments pre-
sented in the training set.

• P (Aj = vk|Ci), where Aj is an attribute and vk is one
of its values. Here we use the m-estimate of probabil-
ity:

P (A|C) =
nc + mp

n + m
(6)

where nc is the number of times A is classified in C, n
is the total number of examples of A, p is the prior esti-
mate of the probability we wish to determine and m is
a constant called equivalent sample size, which deter-
mines how heavily to weight p relative to the observed
data.

We used p = 1
k

as the prior, where k is the total num-
ber of different attribute-value pairs that where ob-
served (|V ocabulary|) and m = k.

P (Aj = vk|Ci) =
nl + 1

n + |V ocabulary| (7)

Here nl is the number of times Aj = vk is classified as
Ci, n is the number of occurrences of Aj = vk.

The classification phase is done as usual, but ignoring
attribute-value pairs that haven’t been seen during the train-
ing phase.

4. PRELIMINARY RESULTS
4.1 Classifying text segments
The process was tested on a set of 25 HTML articles
from several World Wide Web Conferences.2 The arti-
cles were segmented and them manually classified into the
chosen classes (Author(s), Title, AbstractTitle, Abstract-
Text, IndexTitle, IndexText, Figure(or Table)Caption, Con-
ferenceTitle, SectionTitle, SubSectionTitle, SubSubSection-
Title, SimpleText, FormatedText). These classes represent
most of the structure elements present in articles.

The keywords used were: “abstract”, “figure”, “table”,
“contents” and “overview”.

Note that the attribute that indicates the classification of
the previous segment is updated dynamically during the
classification to reflect the result of the actual classification
of the previous segment (having a value of “null” for the first
segment of each document). During the training phase this

2WWWC96, WWWC2000, WWWC2001, WWWC2002
and WWWC2003



attribute is extracted from the previous segment (having a
value of “null” for the first segment of each document).

The segmentation resulted in 5472 segments which were then
used to perform a ten fold cross-validation. The results are
presented in tables 1 and 2.

4.2 Simple search test
To further validate the results of this method, we developed
a simple query language (see 5.2.1) that retrieves documents
based on segment contents and their classification. However,
we should stress that the query language is not the main
concern of our work. We applied this language to a set of 51
documents, retrieved from the WWWC 2003 conference (see
5.2.2). This set of documents was segmented and classified
using the previously described classifier trained in a separate
set of 25 documents.

4.2.1 Language description
To construct the queries with the segmented and classified
text we created a small language to express restrictions on
the search using the classification results. The simple query
language used is the following.

expr: (AND expr1 ... exprN)

| (OR expr1 ... exprN)

| (NOT expr)

| (IN text segs)

segs: seg-expr

| (FROM seg-expr [seg-expr])

seg-expr: class

| (WITH text class)

The “IN” operator has a value of “true” when some of
the segments given by “segs” has the specified text. The
“FROM” operator selects the segments that lie between a
segment in the first “seg–expr” and the first segment that
follows it contained in the next “seg–expr” or the end of the
document. Finally the “WITH” operator selects the seg-
ments of a particular class that contain the specified text.

4.2.2 Queries
In this section we show a few examples that show how the
semantic knowledge acquired can be used to elaborate com-
plex queries not easily expressed in current keyword based
technology and show the applicability of our system.

In some cases we did not get the expected results and had to
refine the queries. In these cases we present how the initial
query was refined until we got the expected results.

The results presented in table 3 show the precision and recall
for the following queries:

1. Articles with “Semantic Web” in the abstract text

(IN ‘‘Semantic Web’’ AbstractText)

2. Articles with Maedche as an author

(IN ‘‘Maedche’’ Author)

3. Articles citing Maedche

In some articles the reference section is named “Bibli-
ography” while in others “References”. Therefore the
query was refined to include both cases.

(a) (IN ‘‘Maedche’’

(FROM (WITH ‘‘References’’

SectionTitle)))

(b) (IN ‘‘Maedche’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle)))

(c) (OR (IN ‘‘Maedche’’

(FROM (WITH ‘‘References’’

SectionTitle)))

(IN ‘‘Maedche’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle))))

4. Articles citing Maedche and where Maedche is not an
author

(AND (OR (IN ‘‘Maedche’’

(FROM (WITH ‘‘References’’

SectionTitle)))

(IN ‘‘Maedche’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle))))

(NOT (IN ‘‘Maedche’’ Author)))

5. Articles that reference documents from 2003

Some documents have a reference to the year of the
conference where the article was published before the
introduction and others have it at the end of the doc-
ument, following a section about the authors. There-
fore, the query was refined to search from the begin-
ning of the references until the beginning of the follow-
ing section.

(a) (OR (IN ‘‘2003’’

(FROM (WITH ‘‘References’’

SectionTitle)))

(IN ‘‘2003’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle))))

(b) (OR (IN ‘‘2003’’

(FROM (WITH ‘‘References’’

SectionTitle)

SectionTitle))

(IN ‘‘2003’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle)

SectionTitle)))

6. Articles with Guha as an author

Author is among the classes with the highest error rate.
Therefore, in this case, we had to find an alternative
formulation to the query using surrounding well rec-
ognized classes.

(a) (IN ‘‘Guha’’ Author)

(b) (IN ‘‘Guha’’

(FROM Title (WITH ‘‘Introduction’’

SectionTitle)))



Table 1: Classification Error

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average

7.68% 6.22% 2.38% 3.47% 1.83% 2.01% 0.73% 2.74% 0% 4.02% 3.11%

Table 2: Classification data – target vs. obtained
CnfT Ttl Aths ATtl ATxt FTxt STxt STtl SSTtl IdxTtl Idx SSSTtl FigC Error

CnfT 9 0 0 0 0 0 0 0 0 0 0 0 0 0%
Ttl 0 25 1 0 0 0 0 0 0 0 0 0 0 3.85%
Aths 0 0 18 0 0 5 5 4 0 0 0 0 0 43.75%
ATtl 0 0 0 22 0 1 0 0 0 0 0 0 0 4.35%
ATxt 0 0 0 0 13 0 7 0 0 0 0 0 0 35%
FTxt 0 0 9 2 3 2204 17 3 32 0 0 10 1 3.38%
STxt 0 0 0 0 5 17 2511 0 1 0 0 2 0 0.99%
STtl 0 0 0 0 0 0 0 196 3 0 0 0 0 1.51%
SSTtl 0 0 0 0 0 4 0 9 179 0 0 0 0 6.77%
IdxTtl 0 0 0 2 0 0 0 1 0 0 0 0 0 100%
Idx 0 0 0 0 2 0 1 0 0 0 0 0 0 100%
SSSTtl 0 0 0 0 0 2 0 0 12 0 0 35 1 30%
FigC 0 2 0 0 0 3 1 0 2 0 0 0 88 8.33%

ConferenceTitle – CnfT, Title – Ttl, Author(s) – Aths, AbstractTitle – ATtl, AbstractText – ATxt, FormatedText – FTxt,
SimpleText – STxt, SectionTitle – STtl, SubSectionTitle – SSTtl, IndexTitle – IdxTtl, Index – Idx, SubSubSectionTitle –

SSSTtl, FigureCaption – FigC

Table 3: Query results
Query Rel Ret RelRet Precision Recall
1 11 11 11 100.0% 100.0%
2 1 1 1 100.0% 100.0%
3.a 4 2 2 100.0% 50.0%
3.b 4 2 2 100.0% 50.0%
3.c 4 4 4 100.0% 100.0%
4 3 3 3 100.0% 100.0%
5.a 19 27 19 70.4% 100.0%
5.b 19 23 19 82.6% 100.0%
6.a 1 0 0 - 0.0%
6.b 1 1 1 100.0% 100.0%
7 7 7 7 100.0% 100.0%

Relevant – Rel, Retrieved - Ret
Relevant retrieved – RelRet

7. Articles citing Guha and where Guha is not an author

(AND (OR (IN ‘‘Guha’’

(FROM (WITH ‘‘References’’

SectionTitle)))

(IN ‘‘Guha’’

(FROM (WITH ‘‘Bibliography’’

SectionTitle))))

(NOT (IN ‘‘Guha’’

(FROM Title

(WITH ‘‘Introduction’’

SectionTitle)))))

5. DISCUSSION
Overall the classification error in the preliminary results is
good. Nevertheless, there are a few classes that have a very
high classification error. We will now attempt to detail the
reasons for these error rates.

The IndexTitle and IndexText classes have two problems.
The IndexTitle is, in terms of text format, identical to a
title, for example a section title. Moreover it’s position in
the beginning of a document also causes it to be mistaken for
an abstract title. The IndexText appears similar to a regular
text segment and, when the IndexTitle is mistaken for an
abstract title, it is confused with the abstract text, due to
the use of the attribute indicating the previous classification.

The AbstractText class, like the IndexText class, is very
similar to a regular text segment. Moreover it is not always
presented in a single segment, but may appear as several
SimpleText and FormatedText segments.

The Author(s) class is difficult to classify because it has
many different presentation styles. To correctly recover this
information would require, in our opinion, a more detailed
processing of the text, that includes the position in the page.

Finally, the SubSubSectionTitle, SubSectionTitle and Sec-
tionTitle classes are sometimes confused because of the vary-
ing font sizes that are used to present them. This is somehow
compensated by the normalization of the font size attribute,
but not completely. Additionally in some documents all sec-
tion, subsection, etc. titles have the same font size.

In spite of a high error rate for classes like Author(s), one
can still use the classification to achieve good search results,
even if one has to use an alternative formulation for the
query. The results corresponding to final formulations of
the queries are encouraging.

The problems not solved by query refinement are due to the
fact that it is not so easy to identify the end of a section
since its type can vary, it may be a section, a subsection,



etc. The further development of the ontology may provide
the means to express more precise semantic queries resulting
in better search results.

6. CONCLUSIONS AND FUTURE WORK
In this paper we show how one can perform a robust decom-
position of the text of an article into individual segments
that correspond to basic natural parts, such as title, section
title, text, etc.

We aim at automatizing as much as possible the task of
building an ontology of documents. We use a Naive Bayes
approach to identify re-occurring features in HTML docu-
ments. Once the text of documents is classified according
to this ontology we can use this classification to perform
sophisticated semantic queries beyond the power of simple
keyword based search engines. In this paper we present a
simple query language and the preliminary results that show
the potential of the approach.

As next steps we want to further elaborate the ontology
learning process so that we can identify complex concepts,
such as a reference, and the relationships between concepts,
such as composition relations, and isa relations. An addi-
tional direction for future research is the application of the
methods described in this paper to documents in other for-
mats, namely PDF and Postscript. In this case, the lack of
easily usable tags could be compensated by the use of text
positioning information.

We also plan to perform the evaluation of other machine
learning algorithms for the classification step and the analy-
sis of the results with other data sources. Small preliminary
experiments, show comparable results with other machine
learning algorithms, namely decision trees.

Another direction could be the use of the information con-
tained in the text of segments, besides the information con-
tained in the keyword attribute.
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