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Th e purpose of Information Extraction (IE) is extracting information from unstructured, or semi structured machine readable 
documents by automatic means. Generally this means dealing with human language texts using natural language processing 
(NLP) techniques.

Recently on the market of IE systems a new player emerged. Ontology-Based IE (OBIE) idea consequently gains more and 
more supporters. In this approach a crucial role in the IE process is played by ontology (formal representation of the knowledge 
by a set of concepts within a domain and the relationships between those concepts). Using Ontology as one of the IE tools 
makes OBIE very convenient approach for gathering information that can be later on used in construction of Semantic Web.

In this paper I will explain the idea of OBIE with its fl aws and advantages. I will try not only to provide theoretical approach, 
but also to review current trends in this fi eld. Th is will be done to point out some common architecture in currently used systems 
and in the end classify them based on diff erent factors depending on their usability in real life application. As a conclusion an 
attempt to identify possible trends and directions in this fi eld will be made. 

Keywords and phrases: Ontology-Based Information Extraction, Information Extraction, Semantic Web, Ontology, Knowledge 
Representation.

Introduction
Search today is still kind of a hunt, where you get 
all these links, and as we teach software to 
understand the documents, really read them in 
the sense a human does, you will get answers more 
directly 

Bill Gates

Th e human ability to understand and use language still 
remains one of the unsolved mysteries of modern science. 
Th e beginnings of IE dates back to late 1970 [1] when 
Reuters research group lead by Peggy M. Andersen came 
up with an idea of automatic extraction of facts from 
press releases in order to generate new stories.

Th e goal of IE was always to transform machine text 
into structured format and thereby reduce the information 
in document transforming it to a machine readable 
structure [2]. Th ere is no need to narrow just to one 
document, as specifi ed information can be extracted 
from several diff erent documents and then later on 
merged into uniform representation. Usually we do not 
see IE systems that are dealing with text of any kind, 

nearly in every ready system there are some assumption 
made about data structure. In case that the data have 
uniform information the automated analysis can be 
performed for example by data mining techniques which 
aim to discover patterns, and describe the relations 
among them.

Th e opinions on the IE classifi cation usage are diff ers 
through the researchers, but most of them bind it tightly 
with Natural Language Processing (NLP). Some of them, 
as for example Riloff  states that, information extraction 
is a form of natural language processing in which certain 
types of information must be recognized and extracted 
from text [3]. On regular basis the IE system are not 
trying to understand the input data. Th e only thing that 
they are entitled to do is to analyze portions of documents 
containing relevant information. Relevance is determined 
by predefi ned domain guidelines which specify what 
type of information the system is expected to fi nd.

As an example of IE system, one can describe a system 
that will process the web pages of real estates, extracting 
the information about price of the property, location, 
standard, number of rooms... As it seems a fairly easy 
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task for a human who can distinguish the semantic 
relationship of data, but if it comes for machine it gets 
a lot more complicated. When dealing with an advertise-
ment like this: “Luxurious apartment in renovated part 
of Kraków — only 10000$ per square meter” human at 
the fi rst glance will know that it is not a real deal. On 
contrary when it comes to software agent it will have to 
know that luxurious is describing apartment, that the 
part of the town where the apartment is located is 
renovated and in the end that the price is given for 
square meter. Getting automatically this kind of 
information is not a straightforward task.

Nowadays the view on IE changes, more and more 
people are starting to see it not only as a process of 
retrieving disconnected text tokens, but more like 
obtaining meaningful semantic data. Russel and Norvig 
[4] are proposing in their book that we can classify IE as 
a middleground between Information Retrieval (IR) 
systems that merely fi nds user requirements relevant 
documents, and text parsers that are trying to extract text 
along with specifi c semantic context. While there are 
a lot of examples of successful IR implementation 
(probably the most visible ones are common web search 
engines — e.g. google), the area of text parsing and 
semantic data mining does not have such spectacular 
successes. Although there are a semantic search engines 
like YAGO, which can answer us a question like — 
“Who has won the Nobel prize after Albert Einstein”, 
their usability is very limited.

Recently there emerged a new branch of IE called 
Ontology-Based IE (OBIE) which consequently gains 
more supporters. On central place of OBIE systems 
belongs to defi ned ontology according to which it will 
process given text. Ontology is usually defi ned it theory 
as: “Explicit specifi cation of a conceptualization” [6], 
which in practice mean that ontology provides a shared 
vocabulary, which can be used to model a domain — 
that is, the type of objects and/or concepts that exist, 
their properties and relation. It is worth to notice that 
ontology is designed for a specifi c domain. For example 
ontology for real estate market would contain domain 
concepts like property, city, country, district, block of 
fl ats, standalone house. A bunch of ready ontology is 
available on — http://semanticweb.org/wiki/Ontology.

In this paper I will try to provide review for the fi eld 
of OBIE in order to provide a clear defi nition what is an 
OBIE system an what it is not and analyze architectures 
of diff erent OBIE systems in order to point out some 
common solution and approaches to the problem.

Usability of Ontology-Based Information 
Extraction Systems
Th e easiest OBIE defi nition would be following Daya C. 
Wimalasuriya and Dejing Dou [8]: “An Ontology-Based 
Information Extraction System: A system that processes 

unstructured or semi-structured natural language text 
through a mechanism guided by ontology to extract 
certain types of information and presents the output 
using ontology”.

OBIE is a relatively new concept, and as usual with 
new promising concepts there comes great expectations, 
usually much greater than the concept can deliver. Good 
example of this was a panic on the stock exchange when 
in 2006 authors such as Marc Fawzi started a belief that 
in the near future OBIE semantic web system will put 
an end to google search engine [6]. Fawzi stated, that 
the Semantic Web (or Web 3.0) promises to “organize 
the world’s information” in a dramatically more logical 
way than Google can ever achieve with their current 
engine design. As we all know nothing like this happened 
and even more nowadays OBIE systems are not are not 
any longer treated as a golden hammer. Despite this, 
there are some areas in which OBIE systems are proving 
themselves:
 • Natural language automating processing — 

currently the concept of web 3.0 [10] is still in phase 
of planning and lofty ideas, and nearly 80% of text 
inside www are still in form of human readable texts. 
Right now OBIE and base IE systems are necessary 
for changing those texts from human readable to 
machine readable form. Th e need of change is 
especially visible in artifi cial intelligence systems, 
such as the one described by Chavez, Anthony and 
Maes, where intelligent agents perform automated 
negotiations in dynamically changing environment 
[11].

 • Creating semantic content for web 3.0 — as it was 
stated before Tim Berners-Lee semantic web concept 
can be revolutionary idea, but right now www is still 
in 2.0 phase, and it is very hard to fi nd semantic 
content inside. As Popov [12] stated — it is impossible 
to imagine that one day we will wake up and suddenly 
all the content of www will migrate from human 
readable 2.0 to semantic 3.0. Th e process of 
transforming the web will be slowly and painfully, 
and up till than a crucial role in delivering semantic 
content to cutting edge systems will be played by 
OBIE.

 • Improving the quality of the ontologies — it can 
happen in two ways. First I have already mentioned 
about the possibility of generating ontology “on fl y” 
during the document parsing. Right now the process 
is very unstructured and inaccurate, of course the 
bottom line for this process is professional judgment, 
but right now we are able only to produce basic 
functionality ontologies by automatic means. On the 
other hand, as there is increasing interest in OBIE 
systems, there are more and more domain specifi c 
ontologies being made. As an example to that one 
could point Dublin Core ontology which represents 
the basic vocabulary to describe typical elements.
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General functionality and common 
architecture
Although the detailed OBIE implementation can be 
specifi c to a project; the general functionality and specifi c 
part of system are common across all projects (Fig. 1). 
Th e central place in all OBIE systems belongs to the 
ontology, which has to be project domain specifi c, and 
later on will drive the semantic connections between the 
information. Ontology can be represented in several 
languages, beginning with RDF (Resource Description 
Framework) which has very limited usage and was 
originally designed as a metadata data model, ending on 
Ontology Web Language (OWL) which has been current 
standard recommended by World Wide Web Consortium 
(W3C).

Fig. 1. Common OBIE system architecture.

Th e data described by OWL contains classes/properties 
and set of connections/relations between them which 
binds them. Ontology consists from set of axioms which 
places constraints on individual (classes), telling what 
type of relationship is allowed. Th ose types of connection 
allow automatic systems to extract additional data based 
on the information originally provided. Currently the 
cutting edge in ontology description language is OWL 
mark 2 which as Bernardo Cuenca Grau said is a promising 
extension and revision of OWL that is currently being 
developed within the W3C OWL Working Group [13]. 
Just to present an example a simplest ontology OWL 2 
listing can be found at Fig. 1, it represent ontology for 
real estate containing only Property class.

As mentioned before the most crucial role in OBIE 
is played by ontology, but in order to have one we have 
to either write one in an ontology editor or generate it 
using Ontology Generator. Th ere is a plethora of 
ontology editors on the market, but probably the most 

commonly used right now is protégé ontology editor 
developed on Stanford University. As Knublauch and 
Musen states in their work — protégé editor provides 
convenient abstraction above the language specifi c 
ontology design [14]. Protégé has a lot of plugins that 
can express ontology in almost any known language. An 
example of this approach with given ontology can be 
found in work of Michal Laclavik, Martin Seleng, and 
Marian Babik [15] where authors are proposing tool that 
analyzes text using regular expressions patterns in order 
to detect equivalent semantic elements according to the 
defi ned domain ontology.

Th ere is also another way to obtain ontology into 
OBIE system — ontology can be generated on the fl y 
from given text. Th is method has a lot of drawbacks. 
First of all we need lexical database in order to tokenize 
the text. Note that the ontologies that are automatically 
generated will never be the same quality as written by 
domain expert. We cannot also forget that we need 
ontology to search for semantic relation between data, 
not the other way around. In order to generate usable 
ontology we would need a lot of data from given model, 
the more specifi c they will be, the more accurate ontology 
will be generated. Although drawbacks the area of 
automatic ontology generation looks quite promising. 
An example of this approach can be found in [16] and 
[17], especially worth noticing here is the work of Paul 
Buitelaar, Daniel Olejnik and Michael Sintek where 
authors are developing an plug in to protégé editor. Th is 
piece of software can extract ontologies from given text, 
and then expert in given domain can edit it. Both works 
underline that ontologies generated this way are not 
100% accurate, but usually producing them by a domain 
expert would be too costly solution.

Semantic Lexicon is often used to aid IE module and 
ontology generation, by providing database for given 
language. Semantic lexicons group words in sets of 
synonyms, it usually also provides short general 
descriptions, but most important lexicons records various 
semantic relations between synonyms sets. In English 
language the most recognized semantic lexicon is called 
WordNet and it has been incorporated in a large number 
of ontology based projects.

Preprocessing and extraction module will be described 
in detail in fallowing section; at this point I will only 
note that preprocessor consists of input specifi c modules 
which transform text into form that can be processed by 
extraction module. Preprocessing consist mainly of 
striping whitespaces, HTML tags, unreadable 
characters...

<Ontology ontologyIRI=”http://example.com/Real.owl” ...>
   <Prefi x name=”owl” IRI=”http://www.w3.org/2002/07/owl#”/>
   <Declaration>
     <Class IRI=”Property”/>
   </Declaration>
 </Ontology>

Listing 1. Simple ontology sample.
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Extraction module is a place where actual IE takes place, 
right here the input data is being analyzed, changed into 
tokens understandable by ontology, and in the end bind 
with semantic relationship. Th e data produced by 
extraction module needs to be transformed into specifi c 
descriptive logic language (right now it is usually OWL) 
in order to be saved in knowledge database.

As the result of OBIE process we obtain knowledge 
database with fi lled data using specifi ed ontology. At the 
top of this process there usually is a front end Search 
Engine which allows user to query the database. Th e 
example of search engines using semantic knowledge 
bases, are common in internet. Most common example 
of this is www.hakia.com. HAKIA founded in 2004 was 
supposed to be next google with a semantic answer to 
indexing fi les. Th e founders boasted that: “fi rst time 
ontological semantics will be used that will enable 
a search engine to perceive concepts beyond words and 
retrieve results with meaningful equivalents” [18]. Few 
years have passed, and right now semantic search engines 
still are not facing a threat to google, nevertheless Randal 
Stross stated in his article [19]: “A growing number of 
entrepreneurs are placing their bets, however, on a hybrid 
system that puts humans back into the search 
equation”.

At the end it will be good to show all the described 
elements working in live system, in order to do so I’ve 
chosen Wu and Weld — Kylin system [20], where authors 
are trying to obtain structured data from Wikipedia. 
Kylin does not require user specifi ed ontology, instead of 
this if uses generator which searches for info-boxes 
(Wikipedia summary boxes) with similar attributes across 
the whole Wikipedia, and based on this it tries to guess 
individuals and relations between them. In order to 
generate ontology Kylin Ontology Generator uses 
WordNet as a lexical database. Th e aim of this project is 
not to make new Semantic Search engine, but instead to 
produce ontology that will be used in developing 
a communal correction system for Wikipedia, and could 
be corrected later on by Wikipedia users. Such ontology 
could be also used later on as a model representation of 
real world.

Preprocessig (structuring) methods
A document is an abstract entity that has a variety of 
possible actual representations. Informally, the task of the 
document structuring process is to take the most “raw” 
representation and convert it to the representation 
through which is the essence (i.e., the meaning) of the 
document surfaces. A review of tokenization methods 
has been published by Feldman and  Sanger in [21]: 
 • Tokenization — The most commonly used 

preprocessing method is tokenization, where prior to 
more sophisticated processing, text must be broken 
up into meaningful parts. Documents can be broken 

at several levels, i.e. chapters, sections, sentences, 
words or even characters. For the usage of OBIE 
systems the tokenization is usually breaking text into 
sentences, and then later on into words which are 
called tokens. One of the problems in such 
tokenization can be identifying sentence boundaries 
distinguishing between a period that signals the end 
of a sentence and a period that is part of a previous 
token like Mr. or Dr.

 • Part of Speech (POS) — Depends on annotating 
word with the appropriate tags based on the context 
in which they appear. POS tags divide words into 
categories based on the role they play in the sentence 
in which they appear. POS tags provide information 
about the semantic content of a word. Nouns usually 
denote “things,” whereas prepositions express 
relationships between them.

 • Syntactical Parsing — Syntactical parsing 
components perform a full syntactical analysis of 
sentences according to a certain grammar theory. Th e 
basic division is between the constituency and 
dependency grammars. First of them describe the 
syntactical structure of sentences in terms of 
recursively built phrases — sequences of syntactically 
grouped elements. Most constituency grammars 
distinguish between noun phrases, verb phrases, 
prepositional phrases, adjective phrases, and clauses. 
Dependency grammars, on the other hand, do not 
recognize the constituents as separate linguistic units 
but focus instead on the direct relations between 
words. A typical dependency analysis of a sentence 
consists of a labeled DAG with words for nodes and 
specifi c relationships (dependencies) for edges. For 
instance, a subject and direct object nouns of a typical 
sentence depend on the main verb; an adjective 
depends on the noun it modifi es, and so on.

 • Shallow Parsing — Shallow parsing compromises 
speed and robustness of processing by sacrifi cing 
depth of analysis. Instead of providing a complete 
analysis (a parse) of a whole sentence, shallow parsers 
produce only parts that are easy and unambiguous. 
Typically, small and simple noun and verb phrases 
are generated, whereas more complex clauses are not 
formed.

IE Method
In IE, given a sequence of instances we identify and pull 
out a subsequence of the input that represents information 
we are interested in. In the past years, there was a rapid 
expansion of activities in the information extraction area. 
Many methods have been proposed for automating the 
process of extraction. However, due to the heterogeneity 
and the lack of structure of Web data, automated 
discovery of targeted or unexpected knowledge 
information still presents many challenging research 
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problems. In this section I will describe common IE 
methods according to classifi cation from [22]. Note that 
most of the methods described in this section as 
a prerequisite uses text preprocessing described in 
previous section (mainly tokenization).

Rule Learning-Based Extraction Methods (RLBEM)

Th e fi rst case of RLBEM described will be Dictionary 
Based Method (DBM). In DBM before the IE begins 
a dictionary of patterns is created. Later on this dictionary 
is used to extract needed information from the new 
untagged text. Th e key point of this kind of systems is 
how to learn the dictionary of patterns that can be used 
to identify the relevant information from a text. Th e fi rst 
example of this approach was presented by Riloff  in his 
AutoSlog project [23]. AutoSlog was at fi rst learning 
patterns from test samples set. Each AutoSlog extraction 
pattern (called concept node) had a conceptual anchor 
that activates it and a linguistic pattern, which, together 
with a set of enabling conditions, guarantees its applica-
bility. Th e conceptual anchor was a triggering word, 
while the enabling conditions represented constraints on 
the components of the linguistic pattern. A simple 
example can be made here. Assuming that we want to 
fi nd information about terrorist attack, in this case one 
can use a concept that consists of the triggering word 
“bombed” together with the linguistic pattern <subject> 
passive-verb. Th en when DBM fi nds sentence like “We 
are going to bomb NY metro tonight” concept will be 
activated (the sentence contains word bombed), than the 
linguistic pattern is matched against the sentence and the 
subject (in this case it will be NY metro) is extracted as 
the target of the terrorist attack. 

More sophisticated case of RLBEM is Rule Based 
Method (RBM). RBM uses rules instead of dictiona-
ries for IE. A usual RBM usage is to learn syntactic/
semantic constraints with delimiters that bound the 
text to be extracted, that is, to learn rules for bounda-
ries of the target text. Th ere are two main rule learning 
algorithms of these systems are: bottom-up method, 
which learns rules from special cases to general ones, 
and top-down method, which learns rules from general 
cases to special ones. Th ere are several algorithms based 
on this method, below as an example I will describe 
Ciravegna (LP) bottom-up solution [24], for a top-down 
solution I recommend reading about iASA algorithm 
[25]. 

(LP) algorithm is performing learning from user 
defi ned corpus data; it tries to learn two types of rules 
representing start and end of extracted text. Training is 
performed in two steps: initially a set of tagging rules is 
learned and then additional rules are induced to correct 
mistakes and imprecision in extraction. (LP) during its 
execution uses three types of rules:
 • Tagging rules — rules composed with a pattern of 

conditions on a connected sequence of words and an 

action of determining whether or not the current 
position is a boundary of an instance.

 • Contextual rules — applied to improve eff ectiveness 
of the system. Th e idea is that <tagx> might be used 
as an indicator of the occurrence of <tagy>, that way 
weak in general case rule can be used depending on 
context, and can be very useful then.

 • Correction rules — set of rules that corrects the 
tagging mechanism, can for example change tagging 
from “at <time> 4 </time> pm” to “at <time> 4 pm 
</time>” as pm is also part of time expression.

After all types of rules are induced, information extraction 
is carried out in the following steps:
 • Th e learned tagging rules are used to tag the texts.
 • Contextual rules are applied in the context of 

introduced tags in the fi rst step.
 • Correction rules are used to correct mistaken 

extractions.
 • All the identifi ed boundaries are to be validated, for 

example, a start tag (e.g., <time>) without its 
corresponding close tag will be removed, and vice 
versa.

Classifi cation Based Extraction Method (CBEM)

Th e basic idea behind CBEM is to look at the IE problem 
as it was a classifi cation problem. Currently the most 
popular approach to classifi cation problem is using 
Support Vector Machines (SVM) which are classifi ed as 
unsupervised learning Artifi cial Neural Network 
systems.

Let us consider the two class classifi cation problem, 
such that {(x1, y1), … , (xn, yn)} be a training data set, in 
which xi denotes an instance and yi ∈ {-1, +1} denotes 
a classifi cation label.

Support vector machines (SVMs) are linear functions 
of the form f(x) = wTx + b, where wTx is the inner product 
between the weight vector w and the input vector x. Th e 
main idea of SVM is to fi nd an optimal separating hyper-
plane that maximally separates the two classes of training 
instances. Th e hyper-plane then corresponds to a classifi er 
(linear SVM). Th e problem of fi nding the hyper-plane can 
be stated as the following optimization problem (1):

(1)

SVN CBEM can be found in literature, for example in 
Bose, Vapnik work [26]. Usually such systems consist of 
two phases: learning and extracting. In the learning 
phase the system uses a set of labeled documents to 
generate models which can be used for future predictions. 
Learning stage ends with fully trained SVM system that 
is capable to distinguish with high probability if given 
token is start or end token of some pattern. Th e extraction 
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phase takes the learned models and applies them to new 
documents using it to generate extractions. As an example 
of this method let is think about a set of conference 
materials that are used as a corpus of SVM CBEM, all 
of them have labeled the speaker tag (a part of text that 
represent the conference speaker). After proper training 
when given the text: “Professor Marian Makuch will give 
a speech about dark matter” the SVM CBEM system 
should point out the “Professor” token as a beginning of 
speaker label and “Makuch” as an end. Depending on 
corpus “Marian” could be classifi ed as beginning 
tag when we allow names without titles or as an end tag 
when we do not.

Sequential Labeling Based Extraction (SLBE)

SLBE is most recent approach to IE, in this approach IE is 
cast as a task of sequential labeling. In sequential labeling, 
a document is viewed as a sequence of tokens, and a sequence 
of labels are assigned to each token to indicate the property 
of the token. Following sample from [28] let us consider 
the natural language processing task of labeling words of 
a sentence with corresponding Part-Of-Speech (POS). 
In this task, each word is labeled with a tag indicating 
its appropriate POS. Th us the inputting sentence “Pierre 
Vinken will join the board as a nonexecutive director 
Nov. 29.” will result in an output as:

[NNP Pierre] [NNP Vinken] [MD will] [VB join] 
[DT the] [NN board] [IN as] [DT a] [JJ nonexecutive] 
[NN director] [NNP Nov.] [CD 29] [. .]

Concluding SLBE takes the observation sequence x 
= (x1, x2 ,…, xn), and fi nds a label sequence y* = (y1, y2 
,…, yn) that maximizes the conditional probability 
p(y|x).

Diff erent from the rule learning and the classifi cation 
based methods, sequential labeling enables describing the 
dependencies between target information. The 
dependencies can be utilized to improve the accuracy of 
the extraction. More information on SLBE systems can 
be found in works describing metadata extraction from 
research papers (Peng, McCallum [28]), Nonlinear 
Conditional Random Fields (Zhu, J., Nie, Z., Wen, J., 
Zhang, B., & Ma, W [29]), Condition Random Fields for 
Relational Learning (Sutton, C., & McCallum, A [30]), 
and Tree-Structure CRFs for Information Extraction 
(Tang. J., Hong, M., Zhang, J., Liang, B., & Li, J. [31]) 

OBIE Ontology
In this section I will describe the ontology creation 
process and it representation in system ready to use.

Construction and update

As it was mentioned before OBIE systems can be classifi ed 
according to the manner they are acquiring needed 
ontology. Th e ontology can be generated on the fl y while 
going through the learning corpus, or provided as system 

input. Most OBIE systems like SOBA [33] or KIM [32] 
are expecting ontology as an input. Th ere is a lot of reasons 
for this kind of approach, one of them is that ontology 
created by someone with domain knowledge will always 
be more eff ective than the one generated automatically. 
Other is that most of the researchers threat ontology 
creation task as a separate problem from OBIE system, 
and they prefer to deal only with one at the time. Finally 
user can use one of common ontologies available on 
internet and adapt it to his needs.

Th e solution with ontology generating on the fl y is 
following the paradigm of Open Information Extraction 
(OIE), which advocates the automatic discovery of 
relations of interest from text instead of using relations 
that are provided in advance [34]. As an advantage we 
gain possibility to generate ontology regardless to the 
data we deal with, in this case we have the whole internet 
and more of test cases. Th e other thing that could point 
us to this approach is that researchers usually lack the 
thorough business knowledge needed to construct a good 
ontology. On contrary to OIE paradigm a lot of projects 
expect ontology given as an input, such solutions can be 
found in Text-To-Onto [35] and the implementation of 
Kylin Ontology Generator [36].

Th ere are also possible hybrid approaches, like 
Kameyama IR system [41] that uses provided ontology, 
and later on during the IE process it tries to fi nd instances 
that are not present and incorporate them.

Components of the ontology

Ontology consists of several components such as classes, 
data type properties, object properties (including 
taxonomical relationships), instances (objects), property 
values of the instances and constraints. As it was 
mentioned before the current standard for ontology is 
defi ned by W3C consortium and called OWL.

OBIE systems can be classifi ed based on the 
components of ontologies extracted by them. Usually 
OBIE systems extract only information related to classes, 
example Hwangs IR system [37] which extracts class 
names and taxonomy (class hierarchy) only. In contrast 
we can put Text-To-Onto [35] which tries to discover 
class names, taxonomical relationships as well as non-
taxonomical relationships. Some of the systems go even 
further — Kylin [20] in addition to discovering class 
names, taxonomical relationships extracts also instances 
and their data type property values.

Extracting instances and data properties for classes 
and properties of ontology is usually too large task. 
OBIE systems often limit the extraction to only those 
classes that are needed later on for data knowledge 
representation. Th is approach is adapted in iDocument 
OBIE system [39], which uses queries in the SPARQL 
RDF query language, to specify extraction templates, 
and based on them determine what instances and data 
properties needs to be extracted.

Marcin BiałekMarcin Białek
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Conclusions and Future Directions
I have revised OBIE as an emerging fi eld of IE, and 
a number of systems that are categorized under it. Th is 
comparison allowed me to point out some common 
OBIE system architecture, along with numerous examples 
describing it. I believe that this paper is a solid ground 
for future semantic web and IE research.

As for future direction OBIE is relatively new branch 
of science, and it is hard to predict the future direction 
of its evolution, but one thing is certain — OBIE systems 
are tightly coupled with semantic web idea, and software 
automated agents; However the idea of semantic web, 
after almost ten years is still not structured. Th ere is not 
even an agreement as for where to place the OBIE 
systems and Semantic Web interfaces. Should they be 
provided for each web site or implemented independent 
of individual web sites generating semantic contents for 
a particular domain. Not mentioning the defi nition of 
web services that will answer ontology-based queries.

Leaving the topic of semantic web it is almost certain 
right now that OBIE system will bring a new quality to 
IE methods, and will help in structuring data as current 
ontologies will be updated and new ones will be created.
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