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Chapter 1

Introduction

The World Wide Web is a huge source of information. The amount of information
being available in the World Wide Web becomes bigger and bigger every day. It is
impossible to handle this amount of information by hand. Special techniques have to
be used to deliver smaller excerpts of information which become manageable. Un-
fortunately, these techniques like search engines, for instance, just deliver a certain
view of the information’s original appearance. The delivered information is present
in various types of files like websites, text documents, video clips, audio files and the
like. The extraction of relevant and interesting pieces of information out of these files
is very complex and time-consuming. Special techniques which allow for an auto-
matic extraction of interesting informational units will be analyzed in this work. Such
techniques are based on machine learning methods. In contrast to traditional machine
learning tasks the processing of text documents in this context needs certain techniques.
The structure of natural language contained in text document poses constraints which
should be respected by the machine learning method. These constraints and the spe-
cially tuned methods respecting them are another important aspect in this work.

In this introduction we will define the research questions which we will solve in this
work. We will give an intuitive example which shall be used during the whole intro-
duction to identify the particular research questions. That certain example is sentiment
analysis [Liu, 2010] (see Section 5.3.1). Sentiment analysis or opinion mining is used
for the identification and extraction of opinions concerning particular entities. Those
entities are products in most of the practical use-cases in which sentiment analysis is
employed. Figure 1.1 shows an exemplary sentence which can be found somewhere

The computer is great but the hard drive is disgusting.

Figure 1.1: A sentence containing opinions concerning entities.

in the World Wide Web (WWW), e.g. in a forum. The goal of sentiment analysis is
to extract the entities and the corresponding opinions. The presented example contains
the opinion that a ’computer’ (entity) is ’great’ (sentiment), and the other opinion is

17



CHAPTER 1. INTRODUCTION

that the hard drive’ (entity) is ’disgusting’ (sentiment).

By using this simple example we will present our research goals in the following para-
graphs. The particular fields we will focus on in this work are presented in Figure 1.2.
Each block of the figure is presented in a certain section in this introduction. The short-

|

nformation
Retrieval

Retrieval based
on finding of
similar words.

Enhance
retrieval by
Information
Extraction and
Data mining.

Information Extraction

/ / Named Entity

Recognition

Best results

are based on
Domain-dependent
features.

Present
Experiments

using CRFs and

a general featureset
delivering good

Relation Extraction

Tree kernels for
Relation Extraction
are computationally
complex.

Use tree kernels in
approaches which
do not have to be
exhaustively
optimized in order

- N

ools for
Information
Extraction

For Information
Extraction pur-
poses only.

Embed Infor-
mation Ex-
traction into
a Data mining
framework for
collaboration
of both areas.

to reduce tree kernel
results for nearly o

Qy NER dataset. /

Combination of Information Extraction

N
and Datamining

Present particular applications which benefit from the collaboration of
Information Extraction and Datamining.

Figure 1.2: The particular fields we will focus on in this work (red: current shortcom-
ings; green: our work).

comings of current approaches are written in red letters and our provided solutions are
written in green letters.

1.1 Information Retrieval

Common search engines such as Google are efficiently making the data of the WWW
accessible by compressing and indexing the original data. They deliver text documents,
videos, pictures and other document types which are related to a previously given user-

query.

Search engines have to crawl the WWW. After that, they have to efficiently index the
information which is available in the WWW. Finally, they have to make the indexed in-
formation accessible in a very suitable manner. The field of scientific research address-
ing these needs of search engines is known as Information Retrieval [Van-Rijsbergen,
1979].

18



1.2. INFORMATION EXTRACTION

Information Retrieval has one shortcoming: it mostly delivers just an index-look-up
for the user query. A common search engine requested by a user, given a certain query,
will deliver documents, websites, videos and so on, containing the requested phrase. A
user just gets a link to the files containing the whole request or parts of it. In most cases
the user is not guided to the position in the delivered document or file the requested in-
formation is located at, and, no more additional pieces of information related to the
request are given. No semantical knowledge is offered because it is only checked if the
requested words occur in particular documents.

[Lancaster, 1968] defines Information Retrieval as follows: An information retrieval
system does not inform (i.e. change the knowledge of) the user on the subject of his
inquiry. It merely informs on the existence (or non-existence) and whereabouts of doc-
uments relating to his request.

If a user requests a common search engine using the terms ’great’ and ’hard drive’
a possible response will be a document containing the sentence presented in Figure
1.3. Although a document is presented which contains the requested search terms, the
received result is the complete opposite of the result the user probably assumed to get.
The user was probably looking for a great hard drive but the search result is a docu-
ment mentioning a great computer and a disgusting hard drive in the same context.

The computer is great but the hard drive is disgusting.

Figure 1.3: A search result for the request 'great’ + ’hard drive’.

The example above has shown that the task of sentiment analysis cannot be solved
by traditional Information Retrieval because of the fact that semantical knowledge
is neither used in the analysis of the request nor in the analysis of the documents
which are delivered to the user. We will improve the task of Information Retrieval
by the combination of Information Retrieval on the one hand and Data Mining
and Information Extraction on the other hand. Our application representing the
improvement of Information Retrieval are presented in Section 8.1.

1.2 Information Extraction

If a user does not only want to find trivial information like who was an actor in the
movie called ’Star Wars’, the user might be especially interested in deeper insights
concerning the given request. If a user is searching for informational units concern-
ing a famous person, for example, he will not want to read complete articles about the
person. The user would probably like to get a condensed biography of the person. A
user does not want to search the requested information in many delivered documents.
A user wants to be directly guided to the interesting and relevant positions inside of
the delivered documents. Additionally, a user wants the request to be interpreted. The
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perfect result is an exact and condensed piece of information which answers the ques-
tion the user asked by using a particular request. To create such condensed information
the delivered files have to be shortened not to contain needless content. Although, the
shortened version still must contain all relevant information. The interesting and rel-
evant pieces of information have to be extracted. Delivering just a bunch of extracted
relevant pieces of information would help a user, but if only the pieces of information
are delivered without contextual information the user is more confused than aided. It
has to be tested if some of the extracted pieces of information are related. Extracting
such relations together with the informational units itself delivers further semantical
knowledge which allows the user to gain knowledge without the necessity to study
contextual information in detail.

Interesting and classifiable tokens in text documents are called named entities. The
task of classifying tokens in text documents is called Named Entity Recognition (NER).
The extraction of relations between formerly extracted named entities is called Rela-
tion Extraction (RE) [Grishman, 2003].

The extraction of such interesting or relevant information which is not achievable by
standard I/R-techniques is hard and can be very time-consuming if it is done by hand.
NER and RE go far beyond Information Retrieval (IR). This field of research is called
Information Extraction (IE).

By saying that ”Information Extraction is the automatic identification of selected types
of entities, relations, or events in free text.” [Grishman, 2003] defines Information Ex-
traction as the extraction of informational units of previously defined types. [Cardie,
1997] defines Information Extraction in a different way as she says "An Information
Extraction system takes as input a text and “summarizes” the text with respect to a
previously specified topic or domain of interest: ...”.

1.2.1 Named Entity Recognition

Named Entity Recognition (see Section 3.2) is the task to extract interesting and classi-
fied information out of documents. The fact that the extracted information is classified
makes the task of Named Entity Recognition to a task which explicitly delivers seman-
tical pieces of information concerning the document. In the task of sentiment analysis
Named Entity Recognition is a preprocessing step for the extraction of the certain opin-
ions and the entities which are connected to these opinions. Unfortunately, traditional
Named Entity Recognition only focuses on the extraction on very trivial entities like
person names, organization names, location names, and so on. The possibility to ex-
tract more complicated entities becomes more and more important in nowadays fields
of research. In the biological domain, for instance, it is crucial that a particular system
can extract gene names, names of amino acids, and so forth. For the task of sentiment
analysis particular opinions and target entities like products, parties, and many more
must be extracted.

Methods for Named Entity Recognition are very helpful for the application of senti-
ment analysis tasks. Figure 1.4 shows a sentence in which two types of entities have
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been extracted. In the particular case one type of the entities is an opinion (red) and
the other type is a computer-related product (blue). For this specific domain the entity-
types to be extracted by the Named Entity Recognition-system are not trivial because
they are from a special domain.

The computer is great but the hard drive is disgusting.

Figure 1.4: A sentence containing two types of annotated entities.

For such domains which are more complicated in case of Named Entity Recogni-
tion it is necessary that the used system relies on domain-dependent lexicons or
gazetteers to achieve very good results. These domain-dependent resources are
not easily to deliver for certain new tasks. We will focus on different Named En-
tity Recognition tasks, and we will only use domain-independent and orthographic
features. We will show that current machine learning approaches only working
on domain-independent features are delivering results which are nearly as good as
the results achieved by approaches relying on domain-dependent 