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Abstract
Wrappers play an important role in extracting
specified information from various sources. Wrapper
rules by which information is extracted are often created
from the domain-specific knowledge. Domain-specific
knowledge helps recognizing the meaning the text
representing various entities and values and detecting
their formats. However, such domain knowledge becomes
powerless when value-representing data are not labeled
with appropriate textual descriptions or there is nothing
but a hyper link when certain text labels or values are
expected. In order to alleviate these problems, we propose
a probabilistic method for recognizing the entity type, i.e.
generating wrapper rules, when there is no label
associated with value-representing text. In addition, we
have devised a method for using the information
reachable by following hyperlinks when textual data are
not immediately available on the target web page. Our
experimental work shows that the proposed methods help
increasing precision of the resulting wrapper,
particularly extracting the title information, the most
important entity on a web page. The proposed methods
can be useful in making a more efficient and correct
information extraction system for various sources of
information without user intervention.

1. Introduction
The amount of information on the Internet has
increased dramatically with the improvement of Internet
technology. Anyone, even without sophisticated
knowledge on computers, can own a web site and web
service providers are providing various types of
information in all areas. With the increase in the amount
of data, it has become difficult for the user to find the core
information they are looking for. Such overload of
information decreases user-satisfaction on Internet service
and makes it difficult to retrieve the required data even
using existing search engines. The need for a new system

that extracts the required information to provide to the
user is being raised.
The most general way of accessing information on the
Internet is through creating a capsulized wrapper that can
access the various sources of information. Wrapper can be
defined as the rule for extracting the location, structure
and format of the data. The existing domain knowledge
based wrapper learning method creates the wrapper using
the information on the domain. Domain knowledge
defines the entity, which is a concept used for a specific
application domain, and selects the label and describes the
format for the data. The system can acquire the meaning
of the texts provided from the source of information as
well as the structure by using the domain knowledge
defined for each area of application. However, since the
label is not provided for all the texts provided from the
source of information, the method using the domain
knowledge is limited.

2. Related Studies
Researches on wrapper generation include studies on
manual creation, semi-automatic creation and automatic
creation methods[1]. In the manual method, a human
describes the rules for the extraction[2], and the semiautomatic method creates the wrapper using the tools used
for the design[3]. The automatic method uses the learning
method for automatically creating the wrapper. Various
algorithms have been developed for the automatic
creation of wrapper, which are time consuming since they
have to perform learning, but can minimize the effort put
in by human experts.
Automatic creation methods include the method that
classifies the classes that can be extracted before the
learning[4] and the domain-knowledge based method[5].
The first method adopts wrapper induction and defines a
few wrapper classes before processing the source of
information. There are 6 classified classes for which a
wrapper generation algorithm, learn-W, is provided. The
domain knowledge based method creates a domain
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knowledge for each domain and suggests a method for
creating the wrapper for each of them. Since the
information to be extracted are already expressed in the
domain knowledge, there is no need to construct the
learning data. However, the documents from the source of
information have to have a label in order to use the
domain knowledge.
In this paper, we will describe the domain knowledge
based probabilistic wrapper generation system used to
effectively extract the information from a semi-structured
source of information on the web. We will suggest a
probabilistic model that automatically recognizes the
entity of the text without a label. This method is similar to
the domain knowledge based method in that it minimizes
human effort which makes it easy to apply to real-world
situations. It also performs the recognition of entities
without a label that the domain knowledge based method
could not perform.

3. Wrapper Generation
The factors to consider in order to improve the
performance of the wrapper generation are as follows.

3.1. Method using the Hyperlink
Most sources of information on the web only provide
the abstract at first. The specific information can be
viewed through a hyperlink. This method enables the user
to quickly look through the information that the user
demanded. In order to provide the user with as much
information as possible on the initial page, the
information should be obtained from the database to
create the web page which is a time-consuming event.
This would cause more harm than good to the user due to
the long initial access time. Therefore, the information
linked to the hyperlink should be utilized effectively in
order to acquire the necessary information.
The methods for using the hyperlink are as follows.
z When creating the wrapper
 Detect the boundary of the item by analyzing
the pattern of the information provided in the
main page.
 Follow all the hyperlinks within the detected
boundary to check for useful information. A
useful information is a document with the
largest number of entities acquired using the
domain knowledge.
 If the information is found to be useful, the
location of the link and the information
related to the entities are merged to be
recorded on the wrapper.
z When extracting the information
 Read the wrapper information in order to
decide whether to extract information

through the hyperlink.
Extract the information from the main page,
and acquire further information from the page
connected through the hyperlink if there is a
sign.
 Combine the information from the front page
and the back end page to create a single item
of information extracted.
The number of useful entities can be increased by using
the analyzed information included in the hyperlink.


3.2. Probability Information Utilization Method
Text with labels is automatically recognized by the
domain knowledge in creating a wrapper from the source
of information. However, those without a label cannot be
used for recognizing the entity since they do not contain
any clue to their meaning. In this section, we introduce a
probabilistic method to recognize the meaning of texts
that cannot be detected using the above method.
3.2.1. Background. Text on a page can be distinguished
by the possession of a label. The meaning and structure
information of a text with a label can be automatically
recognized. Those without a label can adopt the
probabilistic method in order to acquire the information.
We will first define the term used to describe the model.
An entity is the basic unit of the information used in the
domain. A label is a clue to the recognition of the entity
and an item is the basic unit of information provided by
the source of information. Usually, most sources of
information display the contents on the web page with a
certain pattern such as list or table. An item can also be
defined as the tuple of the database. The pieces of text
appear separately through tags when the structure analysis
is applied. These pieces are logically restructured to form
a text with a meaning as shown on the browser. The part
which can become the value of the entity is called the
token. A number of tokens are created by performing a
structural analysis of the HTML document. In this step,
both texts with and without the label information appear
in a same pattern to form a set of tokens for the source of
information. When a token is selected for a single item, a
token at the same location of another item can be defined
as performing the same role. These are called a token set.
Therefore, a number of token sets can be found within a
single source of information. It is called a token set
sequence since a number of token sets appear
sequentially. The process for forming a token set
sequence is shown in Figure 1 below.
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Figure 1. Step for creating the token set sequence
(a) of Figure 1 is the result of browsing the HTML
document which is a pattern easily found in the source of
web information. (b) shows the result of re-arranging the
information of interest by item. More than one item is
acquired from a single source of information. (c) shows
the result after grouping the text information by extracting
a certain pattern through analyzing the structure of the
web page. When performing the structural analysis of the
document in order to create such information, the text
information has to be linked logically as shown in (b).
Link tags and font tags between texts have to be removed
in order to extract the text. (d) shows the token set from
the item which can become the entity value. Since there is
more than one token set, it shows that a token set
sequence can also be formed.
Figure 2 shows the result of expressing the item on
Figure 1 as a tuple of a database.
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eƍk is the set of entities formed by removing the entities
found in the source of information from the set of
entities E. The entity of the token is given exclusively,
which means that the entities already found have to be
removed from the set of entities that can be newly
recognized.
5. There are v items in a single source of information.
6. There are n recognized token sets for a single source
of information. There are v tokens in a token set. {T1,
T2, ..., Tn}, Ti = {ti1, ti2, ..., tiv}
7. There are m unrecognized token sets for a single
source of information. There are v tokens in a token set.
{Tƍ1, Tƍ2, ..., Tƍm}, Tj = {tƍj1, tƍj2, ..., tƍjv}
8. A set E with (n + q) number of entities is defined in
the domain knowledge.
We will suggest a probability model based on the
above assumptions.
3.2.2. Designing the Entity Recognition Model.
The ERM(Entity Recognition Model) suggested in this
study was inspired by the HMM(Hidden Markov Model).
HMM performs the tagging of category on each word in a
sentence[6]. The ERM suggested in this study provides an
entity to each token that forms a single item. The
difference is that it does not apply the statistical method
on every word. The tokens with a label are excluded in
applying the statistical method. The other main difference
is that the HMM takes the order of the elements into
account whereas the ERM does not take order of the
tokens into account. Therefore, it does not require the
minimization of the number of possible instances through
the Viterbi algorithm. Due to these differences, the
equation of the ERM is different from that of HMM. The
difference between the ERM and HMM is shown in Table
1.
Table 1. Comparison of HMM and ERM

n : Number of tokens recognized
m : Number of tokens unrecognized
v : Number of items
q : Number of entities not allocated
Set of entity not allocated
= {eː XSGeːYSG…SGeː¤

Figure 2. Tuple expression of items
The number of tokens not recognized for each item is
expressed as m, as shown in Figure 2. The main point of
this model is on classifying the unrecognized tokens to
each set of entity.
The rules can be defined as follows.
1. There are n recognized tokens for a single item. {t1,
t2, …, tn}
2. There are n allocated entities. {e1, e2, …, en}
3. The number of unrecognized token for a single item
is m. {tƍ1, tƍ2, …, tƍm}
4. The number of entities not allocated is q. {eƍ1, eƍ2, …,
eƍq}

Class
Object
Probability

Corpus Statistics
Context
Information
Difference

HMM
Category
Word
Probability that
category is tagged onto
word
Lexical Generation
Probability
Bigram Probability

ERM
Entity
Token
Probability that entity
is recognized onto
token
Model 1 Probability

Occurrence order of
category is important.

Occurrence order of
entity isn’t important.

Model 2 Probability

HMM
= PROB(C1 ,..., C T | w1 ,..., wT )

≅ ∏i =1,T PROB( wi | C i ) * PROB(C i | C i −1)

Proceedings of the 2005 International Conference on Computational Intelligence for Modelling, Control and Automation, and International Conference on
Intelligent Agents, Web Technologies and Internet Commerce (CIMCA-IAWTIC’05)
0-7695-2504-0/05 $20.00 © 2005

IEEE

ERM

above procedure is repeatedly applied to a newly created
token set.
,..., q | 1 ,..., m)
Since ERM is not limited by the order of the elements
1
as in the HMM, the two possibilities are merged together
v
1
using variable α. Model 1 and Model 2 both have a
)*
P( jk | i )} +
i
worthy logic, but a more reliable model with more
v k =1
information can be formed by combining the two. The α
v
n
P( i = jk | h = hk ) * P( h = hk )} value, which shows the relative importance of Model 1
and Model 2 are acquired through experiments.
k =1 h =1

= PROB(e′

e′ T ′ T ′

≅ α *{P (e′

∑ t ′ e′

(1 − α ) *{

1
∑∑
v

e′ t ′ e t

e t

(1 <= i <= q and 1 <= j <= m)

The probability that part-of-speech is tagged onto word
in the HMM is expressed using the Lexical Generation
Probability: PROB (

wi | C i) . The same is expressed

using the Model 1 Probability:

P(e′i ) *

1 v
∑ P ( ′ | ′ ) in the ERM. The Bayesian
v k =1 t jk e i

model uses the conditional probability to classify the
entities of a token without a label based on the history of
the previous tokens. However, since there are more than
just one item on the web page, all the tokens on the same
location have to be taken into account. Acquiring the
possibility of a set of tokens with the same characteristics
would be more appropriate for an accurate result. We
would be able to allocate the tokens without a label to a
new entity using the concept explained above.

C |C

The Bigram Probability: PROB (

i

) used by

i −1

the HMM to show the probability that two categories
appearing sequentially can be expressed using the Model
2 Probability:

1 v n
∑∑ P ( ′ = ′ | = ) * P(eh = t hk ) in the
v k =1 h=1 e i t jk eh t hk
ERM. This method uses the information of a single item
to classify a token without a label by using the text
information of a token with a label within the same item.
This is possible because the label of an unrecognized
token can be assumed by using the information of an
already recognized text information. The extracted items
contain relative information. The wrapper is created for a
various source of information to extract the information to
resolve the problems occurring at the current source of
information.
As a result, eƍi , which is the largest probability of
PROB(eƍ1 ,…,eƍq |Tƍ1 ,…,Tƍm ), is selected and allocated as
an entity of the token set Tƍj. However, if the probability is
lower than a certain threshold, the token is not recognized
at all. The threshold value is used to identify the token as
useful or not useful. This threshold value is acquired
through experiments.
Finally, the token set Tƍj is removed from the first row
of tokens to acquire a new token set Tƍ1, Tƍ2, ..., Tƍm-1. The

4. Experiment
The algorithm suggested in this paper has been applied
to seven different sources of information in the movie
domain (Site A, Site B, …, Site G). The entity of the
domain knowledge should be selected appropriately to the
application area of the system. Since the purpose of this
study is on measuring the performance of the entity
recognition model, we have performed the experiments
using the largest domain knowledge in the movie area.
The entities defined for the movie domain in this study
are title, genre, producer, actor, rated level, production,
scenario, filming, music, runtime, open date and close
date.

4.1. Experiment Method
Experiments have been performed sequentially in order
to prove the effectiveness of the methods suggested in this
paper. The domain knowledge has been used to create the
wrapper in the first stage and then the processing
hyperlink was added for the creation of the wrapper.
Finally, the entity recognition algorithms have been
applied to unrecognized tokens to create the wrapper for
the comparison.
The performance of each site can be calculated using
the following equation.
ଖ Precision = (number of extracted entities / number
of defined entities in the domain knowledge) * 100
The number of extracted entities is the number of
entities recognized during the process of learning by the
wrapper, and the number of entities to be extracted is the
number of entities defined in the domain knowledge.
There was not a single source of information that
provided us with all 12 entities and therefore a 100%
precision was not possible to achieve.
The average precision of all the sites can be calculated
using the following equation.
ଖ Average Precision = (sum of precision of each site /
number of sites)

4.2. Results and Analysis
The result of the precision improvement of each site is
shown in Figure 3.
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ΣΖΔΚΤΚΠΟ

ʹΠΞΡΒΣΚΤΠΟ͑ΠΗ͑ΣΖΔΚΤΚΠΟ͑ͺΞΡΣΠΧΖΞΖΟΥ͑ΠΗ͑ͶΒΔΙ͑΄ΚΥΖ
͖͢͡͡
͖ͪ͡
͖ͩ͡
͖ͨ͡
͖ͧ͡
͖ͦ͡
͖ͥ͡
͖ͤ͡
͖ͣ͡
͖͢͡
͖͡

΄ΚΥΖ͑Ͳ
΄ΚΥΖ͑ͳ
΄ΚΥΖ͑ʹ
΄ΚΥΖ͑͵
΄ΚΥΖ͑Ͷ
΄ΚΥΖ͑ͷ
΄ΚΥΖ͑

ΆΤ Κ ΟΘ͑ ΠΟΝ Ϊ ͑ ΕΠΞΒΚ Ο
ΜΟ ΠΨ Ν Ζ ΕΘΖ

ͲΕ ΕΚ ΟΘ͑ Ι Ϊ ΡΖ Σ ΝΚ ΟΜ
ΡΣ ΠΔ Ζ Τ Τ Κ ΟΘ

ͲΕΕ Κ ΟΘ͑ Ζ ΟΥΚ ΥΪ
Σ Ζ Δ ΠΘΟΚ ΥΚ ΠΟ͑ ΒΝ ΘΠΣ Κ ΥΙ Ξ

Figure 3. Comparison of precision improvement of each site

The result of the average precision improvement is
shown in Figure 4.
ʹΠΞΡΒΣΚΤΠΟ͑ΠΗ͑ͲΧΖΣΒΘΖ͑ΣΖΔΚΤΚΠΟ͑ͺΞΡΣΠΧΖΞΖΟΥ

͖ͩ͡
͖ͨ͡
͖ͧ͡
͖ͦ͡
ΣΖΔΚΤΚΠΟ ͖ͥ͡
͖ͤ͡
͖ͣ͡
͖͢͡
͖͡

different sources of information. This was due to the
different font or color used to amplify the title in the text.
Also, entities used to distinguish the items can be
recognized easily by the human eyes which is why the
label was missing on such entities. By applying the
probabilistic entity recognition method on these
documents made it possible to recognize the titles and
other important entities.
The other fact found out through the experiments was
that the value of Model 1 and Model 2 was different on
each source of information. The precision of Model 1
turned out to be larger on some sites whereas the value of
Model 2 was larger on other sites. This is assumed to be
due to the characteristic of the information provided by
each site. In cases where the value of Model 2 was larger
than Model 1, the number of texts containing a label in
the data was relatively larger. This means that a data with
more label contain more context information. The relative
importance of Model 1 and Model 2 depends on the
characteristic of the data provided by the source of
information. Therefore, the variable α is to be applied on
the source of data by selecting the model with more
importance according to the characteristic of the data.

5. Conclusion and Future Works
ΆΤ Κ ΟΘ͑ ΠΟΝ Ϊ ͑ΕΠ ΞΒΚ Ο
ΜΟ ΠΨ Ν Ζ ΕΘΖ

Ͳ ΕΕΚ ΟΘ ͑Ι Ϊ ΡΖ Σ ΝΚ ΟΜ
ΡΣΠΔ Ζ Τ Τ Κ ΟΘ

ͲΕΕΚ ΟΘ͑Ζ ΟΥΚ ΥΪ
Σ Ζ Δ ΠΘΟΚ ΥΚ ΠΟ͑Β Ν ΘΠΣ Κ ΥΙ Ξ

Figure 4. Comparison of average precision improvement

The domain knowledge was applied to create the
wrapper in the first experiment. The wrappers were
created for the entities extracted from the source of
information. However, this method was not able to utilize
the hyperlink of the web sites which made it inefficient.
Therefore, the number of entities extracted was limited.
The second experiment included the processing of
hyperlinks for the creation of the wrapper. The number of
entities from some of the sources of information doubled
as a result. The structural features of the web site was
taken into account through this method, which lead to the
improvement of performance. One of the major elements
in the improvement of web technology was hyperlink,
which was proven in this experiment using the wrapper
generation system.
The third experiment applied the entity recognition
algorithm for the tokens in order to create the wrapper.
The number of entities extracted increased as a result. It
proved that applying the probabilistic method on tokens
without a label lead to the increase in performance.
The characteristics of the newly recognized entities
have to be examined. Information such as the title is a
core entity which should exist on any domain, which
means that the information would be useless without these
entities. However, it was found that the label was missing
on important information such as the title in many

The wrapper generation system using the probabilistic
method is very important since the method that only used
the domain knowledge was proven to be ineffective on
text without a label, despite some of its advantages. This
is especially true since the unrecognized entities by the
system turned out to be of great importance, such as
identifiers and titles.
Future works should concentrate on merging the
information acquired separately from each source of
information and the precision of the rule creation.
Information extracted from different sources of
information are used to express different items in most
cases. However, in some cases, different entities were
found for the same item. Therefore the identifier of the
extracted item should be used to merge the data for
creating the information. Also, new characteristics can be
added to the domain knowledge with the change in the
source of information and its dynamic characteristics.
Such change in the domain should be automatically
detected and applied to extend the domain knowledge
automatically in future systems.
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