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Part I.

Introduction






1. Background

The emergence of social software in the internet shaped human communication, interaction
and co-operation substantially. The intensified utilization of social software in private and
business areas motivates for a better understanding of the existing structures. Thereby the
content and the topics of so-called social information spaces are one aspect of analysis.

A lot of research deals with the analysis of social information spaces such as Wikis, Folk-
sonomies or Blogs. These investigations consider, for example, the development of a social
information space or the actor activity. Another very important aspect is the content. Basi-
cally, the content is the text of the content elements created by actors. The content includes
further information and connections between content elements (e.g. articles in a Wiki, Blog
entries) or actors (e.g. the authors of articles).

One field of research which analyzes the content is text mining. Text mining is an extension
of data mining for discovering new, previously unknown information from unstructured data.
This allows, for example, the identification of topics, the consideration of content-based de-
pendencies between content elements and actors and the improvement of the understanding
of collaborative structures and content development.

One very important aspect of content analysis is the detection of topics. The topics describe
different content of a social information space. This allows, contrary to the analysis on con-
tent element area, the analysis on topics area. Many social information spaces are very large
and therefore the analysis can be complex and confusing. To reduce the complexity of anal-
ysis, the topics can be used for abstracting data. Consequently, the dependencies between
actors based on topics or the dependencies between topics can be analyzed. Furthermore it
is possible to analyze the author’s activity in topics or the development of topics. Another
aspect is the identification of main topics. By considering the development of a social infor-
mation space, the detection of new topics and their development is possible. If the topics of
a social information space are well-known, the content elements and actors can be assigned
to them (automatic classification).

The question is now, how topics can be identified. One possibility offers the clustering of
content elements based on their terms. A content element includes text and a text consists of
terms. The terms represent the content. If content elements with similar terms are grouped,
topics will be formed. Clustering is a very popular method in the area of data mining. It is
used for the analysis of data, e.g. for the identification of user groups with a typical behavior.
Clustering becomes also more and more important in the area of text mining. In the area of
text mining clustering is applied on documents for discovering groups of similar documents.
Terms are clustered as well, in order to find semantically similar terms. Furthermore, docu-
ment clustering is used in information retrieval for the generation of better search results.

Because of the high diversity of terms, clustering based on terms is very complex. The base
of clustering is a term document matrix, where each row represents a content element and
each column a term. A value in the matrix indicates how often a term occurs in a content
element. Mostly, the matrix has many columns, because the terms vary from document to
document and are numerous. Many methods have been already developed, in order to reduce



1. Background

the number of terms and dimensions in the matrix, e.g. stop word removal, feature selection
and feature transformation. The objective of these methods is the identification of the impor-
tant terms of the texts.

Another approach is given by SIROKER ET aL. [198]. In this work the articles from CiteSeer!
are clustered. The term document matrix was not built by terms but by titles of outgoing links
of an article. With this concept, clustering is possible on a much smaller matrix, because an
article has less links than terms. This concept can be applied on other social information
spaces as well. The social information space only needs link-relations between their con-
tent elements, whereas by important terms a link to the corresponding content element is set.
Consequently, the matrix based on links should only include the important terms of a content
element.

The first question is now, which approach gives better results in the context of topic detec-
tion. The content-based clustering uses all information in form of terms and identifies the
important terms with further methods. For this reason it is substantially more complex. The
link-based clustering uses from the beginning only the important terms of a content element.
But the importance depends on the linkage. The links of a content element are defined by
actors, which leads to a subjective view of the content. The comparison of the approaches is
the main object of this work.

The second question is, which existing methods are suitable for an effective and eflicient
clustering. There are lots of algorithms for clustering and enhancing the clustering results.
The results of the clustering methods depend on the underlying data structure. Therefore the
existing clustering methods have to be explored first. In this step, methods are identified that
can be used. After exploring the fundamentals, clustering based on both approaches and with
different clustering algorithms is executed and the results are compared. The methods are
applied on Wiki-based social information space. But it is possible to use these methods for
other social information spaces as well. Wikis are an appropriate social information space
for the analysis, because within a Wiki different topics exist. Furthermore, there are very
large Wikis with freely accessible data. The linkage between the articles can be used for the
link-based clustering approach.

1.1. Related Work

Meanwhile a vast number of studies from different disciplines deal with the linkage of Wikis
or other social information spaces. Some of these works use the linkage for executing text
mining or natural language processing. In this section, works which are similar to this work
are described.

In the following section, the works which are closely related to this thesis are described. In
these investigations, clustering and the Wiki linkage form an important basis.

ScHONHOFEN ET AL. [192] uses the titles and categories of articles for a characterization of
documents. An algorithm is presented, which identifies the topics of a document by finding
labels or categories. These labels and categories describe the content of a document suffi-
ciently.

Another semantic analysis is given by GABRILOVICH ET AL. [67], called Explicit Semantic Anal-
ysis (ESA). The approach computes the semantic relatedness of documents. The methodol-

IScientific Literature Digital Library, http://citeseer.ist.psu.edu/
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ogy is similar to LSA (latent semantic analysis, described in Section 4.3.3, p. 48), but it uses
knowledge, which is collected and organized by humans. LSA only uses statistical cooccur-
rence information. By a given word, the corresponding concepts are calculated. Furthermore
it is possible to compare two words or texts based on their concepts. A concept is a Wiki
article, or more precisely the article name. The concept is represented as a vector of words
that occur in the corresponding article. In the preprocessing step a weighted inverted index
is generated. This index includes a list of words and for each word a weighted vector of
concepts. The strength of association between words and concepts are represented by the
TfIdf weight (described in Section 4.3.2, p. 42). Now it is possible to calculate the important
concepts of a word or text. When giving a text, words are firstly extracted and represented
as a vector. In the next step the value of each word is multiplied with the concept vector of
the word. The result is a concept vector for each word in the text. These concept vectors are
added together now. Finally a vector including the weighted concepts of a text is given. Text
and word relationships are computed and compared with human judgments to evaluate the
approach. Furthermore the results are compared with other approaches, which compute text
and word relationships. Compared to the other approaches, the ESA method enhances the
computing of text and word relationships. JAMBUNATHAN ET AL. [113] improves this approach
by identifying the good concepts in the set of concepts. The approach is, that good concepts
are related to each other, while the bad ones are unrelated. To identify the good concepts,
clustering is applied.

BaNERJEE ET AL. [11] represents a clustering approach which uses additional features from
Wikipedia. The method for extracting features from Wikipedia is similar to the Explicit
Semantic Analysis from GaBRILOVICH ET AL. [67]. Short articles from Google News? were
clustered. Thereby the bag of words model (vector space model, described in Section 4.3.2,
p. 44) is compared with the Wiki method. The Wiki method extracts additional concepts for
each Google News article. First, a Lucene ® index of all Wikipedia articles is created. The
titles and descriptions of Google News articles are used as query strings for the index. The
titles of the retrieved Wikipedia articles are the concepts of the Google News articles. The
concept vector is augmented with the bag of words vector. Six different clustering algorithms
from the SenseCluster* package are used. The measures show that the use of additional fea-
tures from Wikipedia enhances clustering. BANERJEE ET AL. [10] uses this approach in a further
article as well. Here Wikipedia features are used for enhancing the text classification.
ADAFRE ET AL. [2] developed an approach for discovering missing links in Wikipedia. The
hypothesis is, that a similar link structure indicates to similar pages. The approach consists of
two steps. First, the topically related pages will be identified. Then, the missing links will be
determined. The first step comprises two phases. In the first phase, a page is represented by
its citations, i.e. by the titles of pages that link to the page (full title representation). Lucene
is used for indexing each page with its full title representation. Given a page, a cluster of
similar pages is computed. Two pages will be similar, if they have similar citations. There-
fore its full title representation is used as a query against the index. The result is a ranked list
of pages. The method is called LTRank (Ranking based on Links and Titles). In the second
phase, a page is represented by the first ten pages of the ranked list (short title representation).
Lucene is used again for indexing each page with its short title representation. Given a page,
a cluster of similar pages is calculated as in the first phases. But in the second phase, the new

Zhttp://news.google.com/
3http://lucene.apache.org/
“http://senseclusters.sourceforge.net/
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index is used. From the new list, the first entries are selected. Now the second step can be
executed. For each selected page all outgoing links, that not exist in the analyzed page, are
identified. For the missing links an anchor text in the analyzed page is searched. If there is
an anchor text for a missing link, the link will be added. The approach was evaluated and
showed acceptable results.

SIROKER ET AL. [198] uses a similar approach for clustering articles from CiteSeer’. Here the
titles of outgoing links for representing an article are used. Standard k-means (described in
Section 4.3.4, p. 68) is applied for generating the clusters. Additionally the work describes a
graph-based visualization approach for representing the clusters. Finally a possibility for the
definition of cluster names is given.

In the area of text analysis, many studies and analyses are possible. In the research field of
natural language processing a lot of works based on Wikis exist. Because of the structure of
Wikis, they can be applied as a knowledge extraction corpus. In most cases the linkage of
articles and categories is used.

SyED ET AL. [208] uses Wikipedia as an ontology (described in Section 4.2.1, p. 29). A docu-
ment is associated with a set of topics. These topics are derived from the Wikipedia ontology.
The ontology based on Wiki articles as well as their article and category links. Wiki cate-
gories represent generalized concepts and article links can be used for getting more specific
concepts. Similar approaches are given from Cur ET AL. [44] and SUCHANEK ET AL. [206].
Wikis can be used for the automatic detection of word sense disambiguations (described in
Section 4.3.1, p. 39) as well, as it is described in the study from MIHALCEA ET AL. [163]. In
the study, the article links of Wikipedia are used for the identification of the meanings from
ambiguous words. Depend on the meaning of a word, it is linked to different Wiki articles.
Another field of application is taxonomy generation (described in Section 4.2.1, p. 29). Kass-
NER ET AL. [126] uses the category linking from the German Wikipedia to generate a taxon-
omy.

A construction of a thesaurus (described in Section 4.2.1, p. 29) based on the Wikipedia is
given from NakAavama T AL. [172]. The article link structure is very suitable for extracting a
thesauruses. If there is a link between two articles, they should have a semantic relationship.
In this work the link mining methods pfibf (Path Frequency - Inversed Backward link Fre-
quency) and FB weighting (forward / backward link weighting) are used for measuring the
relationship between two articles. Similar approaches are given by KiNzLER ET AL. [129] and
Ito ET AL. [110]. Here the link co-occurrences analysis is used.

The work of Wu et aL. [230] represents a method that autonomously semantifying the
Wikipedia. The approach identify the structures (e.g. link structure, infoboxes, etc.) and
improve them automatical. With this approach, the Wikipedia is augmented to a semantic
web.

The described studies are similar to this thesis, because they use the linkage of Wikis or other
social information spaces for their research. Most works substantiate that the use of the link-
age enhances the research results. That shows that the developed approach is suitable for
topic detection.

The works which are closely related to this thesis describe words or documents based on
their links. The description is used for clustering ([11], [198]), classification ([10]) topic de-
tection ([192]), the discovering of missing links ([2]) and for the identification of concepts
for a document or word ([67], [113]). In this thesis, two approaches are compared: Topic

3Scientific Literature Digital Library, http:/citeseer.ist.psu.edu/
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detection based on content and based on links. Thereby, topic detection uses clustering. The
other researches use divers approaches for the link-based method. ScHONHOFEN ET AL. [192]
uses labels, categories and titles. GABRILOVICH ET AL. [67], JAMBUNATHAN ET AL. [113] and
BaNERJEE ET AL. [11] [10] applied the explicit semantic analysis. Compared to the approach
in this study, the explicit semantic analysis and the computations in [192] are more complex.
The question is now, whether the approach in this work, which is more simple, enhances the
clustering results as well. The approaches from SIROKER ET AL. [198] and ADAFRE ET AL. [2]
are similar to this thesis, because they only use the links of an article. But SIROKER ET AL.
don’t analyze, whether the link-based approach gives better results. ADAFRE ET AL. uses the
linkage for discovering missing links and not for the detection of topics.

The other researches use the linkage of Wikis in the area of natural language processing. They
show that the linkage is suitable for ontology construction ([208], [44], [206]), the detection
of word sense disambiguations ([163]), taxonomy generation ([126]) and thesaurus construc-
tion ([172], [129], [110]). Thereby different link types are differentiated. Category-links are
used for ontology construction and taxonomy generation. Article-links are used for ontology
construction, the detection of word sense disambiguations and thesaurus construction. This
indicates that category-links reflect the hierarchical structure of words, whereas article-links
reflect the similarity of words. The researches show that the linkage includes important in-
formation about articles and words. This information are used in this research.

1.2. Structure of the research

The steps within this work are visualized in Figure 1.1. Two fundamental things are needed
for the work: Methods for topic detection and data for a practical comparison. The analysis
methods of this work are implemented in the SONIVIS tool®. The tool based on a generic
data model with a model for the analysis of the data. One part of this work integrates the
topic detection methods into the tool.

An explanation of the generic data model is given in Chapter 3 (p. 13). Firstly, the data of
each social information space are extracted and saved in this model. Based on this model,
analyses independent from the social information space are possible. The integration of anal-
ysis methods based on the data model is introduced as well. Additionally, the example social
information space Wiki and their transformation in the data model is described.

The existing methods for data preprocessing, representation, dimension reduction and clus-
tering are explored in Chapter 4 (p. 23). Additionally, an overview about text mining and
adjacent research fields is given. The methods, which are suitable for this study, are described
in detail. Works, which concern themselves with the quality of the methods, are introduced.
After describing the data structure, introducing text mining methods and comparing different
clustering methods, the practical part of this work follows. Based on the fundamental part,
different data sets and methods are selected and used for the analysis. Since the quality of
clustering methods depends on the underlying data structure, several methods are selected.
Furthermore methods for preprocessing and representing the documents with terms and links
are chosen. A description about the data sets, the preprocessing of the data, the selected
methods and the process of the analyses can be found in Chapter 5 (p. 87).

The subsequent chapter (Chapter 6, p. 97) includes the results of the analysis and their eval-

®SONIVIS is an open source software for analyzing and visualizing virtual information spaces. http:/www.
sonivis.org/
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uation. Different clustering cases are executed and compared. Thereby different clustering
algorithms are used and the influences of dimension reduction methods (feature selection,
feature transformation) are assessed. The comparison of content-based and link-based clus-
tering is a central part within each clustering case. The last chapter (Chapter 7, p. 133)
concludes the results and gives motivations for the future.

Task: Find an effective and efficient method for topic detection in
social information spaces.

................................................................................... l

Data: Social Information Spaces Methodology: Text Mining
(Chapter 3) (Chapter 4)
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Preparation: Select example data sets and methods.
(Chapter 5)

Results and evaluation: Compare clustering methods
and determine the best one.
(Chapter 6 - 7)

Figure 1.1.: Overview of this work
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Summary: This chapter gives an introduction to the content of this research. The goal of this
work and the steps for the achievement of the goal are described. First the background for
this research is given and related works are introduced. The last section describes the steps,
which are executed in this work. Based on this description a research question and hypothesis
can be formulated and answered.



2. Research Question

The objective of this work is the identification of a method which allows the clustering of
content elements in topics. Wikis are taken as an example of social information spaces. Wiki
articles should be grouped based on their content in such a way that a cluster contains articles
with related topics. Two possible approaches are link-based and content-based clustering.
In order to find out which approach is better suitable, different data sets are clustered with
both approaches and the results are compared. The data sets include Wiki articles of different
topics.

The objective of this study can be summarized as the following research question:

Which of the two approaches, the link-based or the content-based clustering
is better suitable to detect topics in social information spaces?

The hypothesis is that for detecting topics in social information spaces the link-based cluster-
ing approach is more efficient in terms of computing time, while the content-based clustering
approach produces more detailed but also more diffuse results, however at much higher re-
quirements in terms of time and efforts.

In the first part of the work, the possibilities, which text mining offer for the analysis of con-
tent elements and for the analyses in this work, are considered. The consideration of the
possibilities forms the base of the second part. For this reason an overview about text mining
is given and the methods, which are important for this work, are described in detail. The
possibilities of text mining are presented. In order to clarify the goals of text mining, the
methods and applications are described. Additionally the fundamentals, which are used by
the methods, are presented. The fact that there are other research fields which can be used
for text analysis, the differences between text mining and the other research fields are high-
lighted.

Based on these investigations, it is possible to test the hypothesis and thus to answer the re-
search question. The chosen methods for dimension reduction and clustering are used for the
analyses. Since there are many methods and the appropriateness of a method depends on the
underlying data set, several methods are chosen.

The methods and the evaluation of the results are implemented in the SONIVIS tool. Thus the
results can be used for further researches, e.g. the definition of metrics or the visualization of
the results in networks. Since the tool uses a generic data model, the methods can be applied
on other social information spaces as well. But the data have to be extracted and saved in the
data model before.

The content-based clustering needs an initial preprocessing of the articles. The preprocess-
ing step extracts the terms of the articles and removes the stop words (Section 4.3.1, p. 36).
Using the link-based clustering, the links have to be identified. Given an article, the titles of
the linked articles are the terms. With the data of both approaches the term document matrix
is created. In the next step the terms of the term document matrix are weighted with the Term
Significance Weight (Tfldf) (Section 4.3.2, p. 42). The use of dimension reduction methods



2. Research Question

should improve the clustering. The influence of these methods is additionally analyzed. In
this work the feature selection method Term Weight Thresholding (Section 4.3.3, p. 60) and
the feature transformation method Latent Semantic Analysis (Section 4.3.3, p. 48) are ap-
plied. Now the distance matrix can be calculated using the Cosine Coefficient (Section 4.3.4,
p. 65) measure. Based on this distance matrix, different clustering methods are applied.
In this work two center-based clustering algorithms (Partitioning Around Medoids (PAM),
bisecting PAM) (Section 4.3.4, p. 68) and two hierarchical clustering algorithms (Agnes, Di-
ana) (Section 4.3.4, p. 67) are used.

To evaluate the approaches, the performance of the clustering and the validity of the cluster-
ing results are considered. The performance is measured by the computing time. The validity
of the clustering results is measured by internal and external quality measures. In this work
the Dunn Index (Section 4.3.4, p. 72) and the SD Validity Index (Section 4.3.4, p. 72) are
used as internal quality measures. As an external quality measure the F-measure (Section
4.3.4, p. 71) is used. Therefore a user-specific clustering is accomplished.

Summary: In this chapter the research question is defined and a hypothesis is formulated.

Furthermore, the steps for answering the question are described. This includes an overview
about the fundamental and the applied part.

10
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3. Generic Data Model

This chapter describes the generic data model, which is used for the practical part of this
work. The data of each social information space are saved in this model. This allows the
use of analysis methods, independently from the social information space. The application
of analysis methods based on the data model is described as well, because in this work, topic
detection methods are implemented. Since Wikis are used for the evaluation of the topic
detection methods, the storage of Wiki data into the data model is described. The following
descriptions based on the fundamentals of the SONIVIS tool. The generic data model and
the model for the analysis of social information spaces are implemented in this tool.

3.1. Generic Data Model

The idea of the data model is to represent all components of a social information space as
generic as possible. This means any kind of social information space should be representable
in the data model - independent of its appearance and dedication. A description about the data
model is given in an ongoing work from ERBER ET AL. [58] and from MULLER ET AL. [169].
Additionally it is described in the SONIVIS Wiki!.

The data model is an universal actor content model. Figure 3.1 includes an UML diagram
of the model. A social information space is represented by InfoSpace. Here the specific
information about an information space are saved. An information space is able to contain
or aggregate other information spaces. The model includes two different types of entities and
all possible relations between these which sum up to three. The relations and entities have
properties, which reflect the specific characteristics. The entities represent what can be found
in any social information space:

1. Actors: Acting things (authors, readers, etc.).
2. Content elements: Things that are acted upon (articles, images, etc.).
The relations between entities of the same or different kind can be grouped as:
1. Knowledge relations: actors < content (actor editing content, etc.).
2. Contextual relations: content <> content (hyperlinks, common topics, etc.).
3. Interactions: actor « actor (collaborations, acquaintances, communication, etc.).

It is possible to build network graphs based on entities and relations. The networks, nodes
and edges have properties as well.

1. Network graphs: A graph description including a collection of nodes and edges.

2. Nodes: Actors, content elements.

Thttp://www.sonivis.org/wiki/index.php/Data_Model

13
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3. Edges: Knowledge relations, contextual relations, interactions.

Based on this description a social information space can defined as:

Definition 1 (Social Information Space) A social information space S = (A, P, Sy) con-
tains a set of actors A, a set of content elements P and optionally a set Sy of additional
contained social information spaces.

Context

*’—ﬁ*

—{ Content Element

— InfoSpace ---1 Knowledge

*

Interaction

Node Edge

\—“—1

Network Graph

Figure 3.1.: UML class diagram of an universal actor content-element model
Defining an universal actor-content-model for exploring temporal so-
cial and information networks [169]

With these entities and relations the data of social information spaces can be extracted and
saved in the data model. This process is implemented in an extractor. There is information,
which cannot be extracted directly from the original data. Transformer gain this information
in further steps. After extracting and transforming the data, a independent analysis is possible.
Each entity and relation can be associated a timestamp to model the dynamic nature of the a
social information space.

Definition 2 (Extractor) An extractor transforms the data of a social information space into
the generic data model.

Definition 3 (Transformer) A transformer gains further information based on the data in
the generic data model. The new information is saved in the data model as well.
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3.2. Analysis based on the Data Model

3.2. Analysis based on the Data Model

Based on the data model, different analysis methods can be implemented. Figure 3.2 visual-
izes the analysis possibilities based on the data model. There are methods which are either
independent or dependent of the social information space. The basic idea is the definition
of metrics, which deliver results for interpretations. Dependent metrics are defined for the
selected social information space (InfoSpace analysis). Independent metrics are defined for
each social information space (InfoSpace analysis) or they depend on a network, which have
to be defined before (network definition and network analysis). The metrics are described
now and some examples are given.

Network definition

e Node: Actor, Content Element
e Edge: Interaction, Knowledge-,
Contextual Relationship

|

I

|

|

I

| Network analysis
| o Network metrics

|

I

I

|
|
|
|
|
|
I Content Element
|
|
|
|
|
|

> e Node metrics
Knowledge Knowledge e Edge metrics
Relationship Relationship
InfoSpace Analysis
| e InfoSpace metrics
Contextual | e Actor metrics
Relationship | e Content metrics

Figure 3.2.: Model of the social information space analysis

3.2.1. Specification of Networks

The definition of networks allows the analysis, independent of the social information space,
but requires the definition of nodes, edges and optionally weights. Based on a social in-
formation space, nodes are Actors or Content Elements. Edges are defined by: Contextual
Relationship, Interactions and Knowledge Relationship. A network is defined by:

Definition 4 (Dynamic Network) A dynamic network G = (V, E, W, tsiart, tena) consists a
set of vertices (nodes) V and a set of edges E. A weighted graph requires additionally a set of
edge weights W. A dynamic network includes a start tsiqry and end time teng as well.

In most cases a network represents a subset of a social information space, limited for exam-
ple by the definition of a specific time period or content element type. In Wikis, these are
a start and end date, a category or a namespace. But also the representation of the whole
social information space by a network is possible. The definition of dynamic networks al-
lows the analysis of the social information space development. Actually, two networks are
implemented in the SONIVIS tool.

A social perspective is given by the Collaboration Network. In a Collaboration Network the
nodes are Actors and the edges represent a collaboration between two Actors. A collaboration
will be given, if two Actors edit mutually one Content Element.
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3. Generic Data Model

Another network is the WikiLink Network, which is part of the information perspective of
the social information space. In this network, nodes are Content Elements and the edges are
generated by Contextual Relationships between the Content Elements. A formal definition of
the Collaboration Network and WikiLink Network can be found in [169]:

Definition 5 (Collaboration Network) A temporal Collaboration Network is an undirected
graph Ge(Va, Ec, Wrgy, tstart» tend) including a set of authors Va as nodes and a set Ec =
(Ai. Aj); Ai. Aj € Vi of collaborations with i,j € N, i # j as edges.

Basically, an author A; creates a revision 1, € REV at a certain time t;. This revision 1y, be-
longs to a page P, which consists of P = {ry,. ..., Tt,, ..., It} € REV revisions. A collaboration
C = (A, A)) exist, if A; is author of Ty, Aj is author of ry and 1y, 1y, € P. Based on the defined
interval [tsart, tena) the revision is incorporated in the network.

The temporal Collaboration Network is a weighted graph, each edge has a specific weight
based on the number of mutual revisions Wggy of two connected authors. Only these revi-
sions are considered which rely on the same content elements and which where established
in the defined period of time [tsiart, tenal-

Definition 6 (WikiLink Network) A temporal WikiLink Network is a directed graph
GwL(Vp, EL, tstart, tena) consisting of a set Vp of wiki pages and a set E;, = (Py, Py) of Wik-
ilinks from a page Py € Vp to a page Py € Vp.

The first revision ry, of a page P; should be before the upper boundary of the analyzed time
interval: to < teng. Furthermore, links Ep should exist in a revision ri, with t; < tepq. Only
a subset of the previously introduced page types is used for this network: Vp = Var U Vyg
and E; = Eagrr U Eygr, where Vag are articles, Vg media, Earr article-links and Eygr,
media-links. The existence of broken links are considered in a single measure.

3.2.2. Network Analysis

Based on the described networks, independent metrics are defined now. Thus metrics for
nodes, edges and the whole network can be defined. Metric examples are listed in Table 3.1.

Node metrics

Degree Centrality ‘ Cp(v) = glrg?_(ll)i)
Edge metrics
Betweenness Centrality Cp(€) = Yijeviz %(e)

O
(o is number of shortest paths be-
tween two vertexs i and j that go
through e)

Network metrics
Density | DG) =

2E]
[VI(v]-1)

Table 3.1.: Metrics for the analysis of networks
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A positional analysis is given by using node and edge metrics. These metrics analyze the
nodes and edges concerning their properties and positions. Centrality metrics calculate for
example the importance of a node or edge in the network.

On the other hand, network metrics are used to analyze the macro level. There are employed
as a structural analysis by characterizing the global properties of a network. For example,
the density of links in a WikiLink Network can be measured with the Density metric. In a
Collaboration Network the Density describes the collaboration level between all Actors.

3.2.3. Information Space Analysis

Beside the definition of network metrics the definition of metrics, which analyzes the social
information space directly is possible. Between general metrics and information space spe-
cific metrics are differentiated. At this point metrics for actors, the content and the whole
information space are defined. General metrics are defined independent from the underlying
social information space (see Table 3.2). Information space specific metrics depend on the
social information space (see Table 3.3).

For example, the number of actors and content elements provide information about the infor-
mation space size. The activity of an actor or content element in a social information space
is computed by the Edit Count and the Revision Count.

InfoSpace metrics
Total Author Count The number of authors.

Actor metrics
Edit Count The number of edits an author made.
Minor Edit Count The number of minor edits an author made.

Content metrics
Revision Count The number of changes on a content element.
Content Element Size The size of a content element in kByte.

Table 3.2.: Metrics for the analysis of social information spaces

InfoSpace metrics

Total User Count The number of users.

Total Wiki Link Count The number of existing internal Wiki-links.
Actor metrics

Last Edit Date Date of last edit of an actor.

Added File Count The number of added files of a certain actor.
Content metrics

Included Template Count The number of templates of a page.
Included Wiki Link Count The number of included Wiki links on a page.

Table 3.3.: Metrics for the analysis of Wikis

17
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3.3. Extraction and Transformation of Wiki Data

The data for the analyses are Wikis in this research. Therefore the extraction and transfor-
mation of Wiki data have to be described. First an introduction to Wikis is given, then the
extraction and transformation is introduced.

3.3.1. Introduction to Wikis

In a Wiki personal knowledge is made available and exchangeable in the form of articles,
whereby a collectively created knowledge base evolves. There are differences between Wikis,
concerning their goals, the used guidelines and the intended use.

A definition for Wikis is given by MULLER ET AL. [168]. A WiKki is an “open” website, in
which each person can consume and edit the pages of the website. The versions of a page
are saved in a history. The information, which is saved in pages, can be merged or split.
Furthermore it is possible to define dependencies between the information context by linking
specific pages. Thereby it is possible to define links to non-existing pages. The structure of a
Wiki is not pre-defined. It will be built by the users in a collaborative self-organized process.
MULLER ET AL. writes further: “Usually the final product of knowledge creation is visible but
not the actual process of knowledge creation. With the page history the process from the first
draft to the final version is traceable. A critical issue of knowledge work is solved in this

”

way.”.

Pages Users Edits
[en] Wikipedia 15,831,582 8,868,132 282,645,816
[ge] Wikipedia 2,463,032 694,762 58,282,909
[en] Wiktionary 1,245,398 146,349 6,205,862
[ge] Wiktionary 110,173 15,284 946,558
[en] Wikibook 119,917 172,702 1,425,304
[ge] Wikibook 42,824 13,656 435,514
[en] Wikinews 87,762 81,219 762,157
[ge] Wikinews 38,489 4,886 447,606
[en] Wikiversity 70,434 83,571 402,239
[ge] Wikiversity 15,858 4,314 144,463

Table 3.4.: Size and activity of MediaWiki projects [2009/02/04]

There are a lot of Wiki implementations, like TWiki2, Trac®, MediaWiki* and JSPWiki?,
available. One of the most popular Wiki software is MediaWiki. MediaWiki is an open
source software (GPL®), that is developed by the Wikimedia Foundation’ and volunteers. A

Zhttp:/twiki.org/

3http:/trac.edgewall.org/

“http://www.mediawiki.org/

Shttp://www.jspwiki.org/

®GPL: General Public License, http://www.gnu.org/licenses/gpl-3.0.html

"Wikimedia: The Wikimedia Foundation is a non-profit foundation, whose aim is the promotion of free knowl-
edge.
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list of important Wiki projects, based on the MediaWiki software, is given in Table 3.4. One
project which based on the MediaWiki software are Wikipedia. Wikipedia is an internet
encyclopedia, which is developed by the cooperation of multitude of users. The following
analyses are based on the English Wikipedia, wherefore some parts of the Wikipedia are ex-
tracted.

A Wiki contains a set of pages, which are linked with each other. To each page belongs a list
of revisions, which expresses the page content at a certain time. Each revision is written by
one author. The last revision of a page presents the current page content. It is distinguished
between different page types (namespaces). The main pages are called articles including the
texts of specific topics. Additionally, there are further page types such as discussion, user and
category pages. In a Wiki the following entities exists:

Page: A Wiki page is a text resource in a Wiki project, which can be edited by everyone.
It has an unique name within the Wiki project. To each page another page is assigned, the
so-called discussion page. The discussion page includes discussions about the content of a

page.

Redirect: The redirection mechanism allows that a page can be accessible under several
names. This is an effective technique for synonym handling, e.g. the page about pail can
have a redirect to bucket: #REDIRECT [ [bucket]].

Revision: Another very important concept in Wikis is the storage of the complete history of
a page using revisions. Each editing of a page creates a new revision.

Wiki-Links: Wiki-links are internal links between pages. A Wiki-link corresponds to a hy-
perlink in the world wide web, whereas Wiki-links are constricted by the corresponding Wiki
project. There are the following link types:

o Internal links between pages
[[PAGE]],
[ [PAGE | PAGEDESCRIPTION]], [ [PAGE#CHAPTER]]

e Links to image description pages
[ [Image : IMAGENAME | IMAGEDESCRIPTION] ]

e Links to files
[[Media:FILENAME | FILEDESCRIPTION]]

Namespace: With namespaces a differentiation based on the function of pages is established.
It allows the summarization of pages to groups. All namespaces are addressed over a prefix
by the page name, e.g. [ [User:Alice]] links to the user page of Alice.

There is a list of pre-defined namespaces (see Table 3.5), but further namespaces can be
introduced. Some important namespaces are:

e Main: The main namespace includes the articles of a Wiki. Not all pages in a Wiki are
articles. An article is a page, which defines a concept. For example a Wikipedia article
includes special knowledge to certain topics or terms. Counterexamples are user pages,
category pages, redirects, etc.

e Template: Templates allow the integration of the content of a page into another page.
If a content is used many times, it is possible to define a template for the content. The
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3. Generic Data Model

template will be included in the corresponding pages. Templates can be used for text
formations, the definition of a navigation, text which is used several times, etc.

e Category: Another special kind of pages are categories, which realizes the summa-
rization of pages to groups, e.g. the grouping of pages according to different topics.
The category is described on the category page. A page can belong to more than one
category. A category can be assigned to another category as well. Links are used to
assign a page to a category, e.g. [[Category:University]].

Index Name Purpose

0 Main Real content; articles

1 Talk

2 User User pages

3 User talk

4 Project Information about the Wiki
5 Project talk

6 File Media description pages

7 File talk

8 MediaWiki Site interface customisation
9 MediaWiki talk

10 Template Template pages

11 Template talk

12 Help Help pages

13 Help talk

14 Category Category description pages
15 Category talk

Table 3.5.: WikiMedia namespaces [2009/06/17]
http://www.mediawiki.org/wiki/Manual:Namespace

Users: A user is a person who has an account in the corresponding Wiki. A user can have a
role® 9, e.g. announced users, administrators, stewards, bots, etc.

Author: Authors are persons, which are editing articles of a Wiki. Authenticated authors
(authors who can be identified by their user account) and anonymous authors (authors who
can be identified by their IP address) can be differentiated.

3.3.2. Extraction and Transformation

The extraction and transformation of the Wiki data to the generic data model is described
now. Therefore the items in a Wiki (Section 3.3.1, p. 18) have to be saved as entities and
relations in the generic data model (Section 3.1, p. 13). The extractions and transformations
are listed in Table 3.6.

In the data model, two types of entities exists: Actors and content elements. Actors are the
users and authors of a Wiki. Content elements are pages (articles, categories, templates, etc.)

8http://en.wikipedia.org/wiki/Wikipedia:User_access_levels
*http://de.wikipedia.org/wiki/Hilfe:Benutzer
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and revisions. The different types of pages and authors are differentiated by properties of the
actors and content elements.

Additionally the following relations are saved in the data model. A knowledge relation is
given, if an author had created a revision of a page. Wiki-links are contextual relations. Inter-
actions are not explicitly given in a Wiki. A transform step is needed. If two authors mutually
edited the same page, an interactions is given.

Data Model Wiki Data Data Acquisition
Content elements Pages Extraction
Revisions Extraction
Actors Authors Extraction
Users Extraction
Knowledge relations ” Author creates a revision” Extraction
Contextual relations Wiki-links Extraction
Category-links Extraction
Interactions ”Two authors mutually edited the Transformation
same page”

Table 3.6.: Extraction and Transformation of wiki data into the data model

Summary: In this chapter the generic data model for the analyses is described. Since Wikis
are the example social information space in this work, the extraction and transformation of
Wiki data to the data model is introduced. Furthermore it is described how analysis can be ex-
ecuted based on the data model. The content of this chapter makes it possible to analyze Wiki
data in the data model and to integrate analysis methods for topic detection in the SONIVIS
tool. In the next step, the analysis methods for topic detection have to be selected.
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4. Text Mining - Fundamentals, Methods
and Applications

This chapter introduces the different possibilities of text analysis. Based on this chapter a
selection of methods for data preprocessing, data representation, dimension reduction and
clustering is possible. The fundamentals and methods which are used in this work are de-
scribed. First a definition of text mining and a dissociation to the adjacent research fields
is given. Another part of this chapter describes the important fundamentals of the research
fields. Afterwards an overview of text analysis methods is given. The last section includes
a definition of all research areas, describes which methods each research field has developed
and gives some application examples.

4.1. Introduction

For the analysis of documents different research fields are existing. Beside text mining, also
information retrieval, information extraction, natural language processing and artificial intel-
ligence are research fields for the analysis of text documents.

Research fields General Scholar
Data Mining [DM] 14,000,000 548,000
Artificial Intelligence [AI] 9,770,000 1,020,000
Information Retrieval [IR] 2,800,000 579,000
Natural Language Processing [NLP] 1,160,000 202,000
Text Mining [TM] 682,000 25,100
Information Extraction [IE] 513,000 49,500

Table 4.1.: Publicity of research fields (estimated)
http://www.google.com/ [2009/04/15]

The definition of text mining and adjacent research fields are not clear. Some definitions
indicates that adjacent research fields are a part of text mining or the disciplines overlaps.
Often different names are used for a research field. Consequently a differentiation of text
mining in relation to other disciplines is not easily possible. One reason for this is the age
of each research field. Recent research fields like the text mining have usually still no exact
definition. The tasks of older research fields are supplemented by further requirements with
the time, in order to obtain better results. Thus many methods are used by several research
fields as well. A view of the google hits in Table 4.1 gives a quantitative overview of the size
and the age of each research field. A large or an old research field has more hits, like Data
Mining or Artificial Intelligence. Small and new research fields have fewer links, like Text
Mining or Information Extraction. The age of a research field can influences the size. This
means that an older research field is mostly larger than new research fields.

Kosara T AL [135] defines information extraction and text categorization as a subarea of
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text mining, whereas HEARST ET AL [96] excludes this research fields from text mining. An-
other definition is given by DoRRE ET AL [56], who regard information extraction and text
categorization as equal. Thereby he constitutes an intersection between text mining and text

categorization.

Novel knowledge

Already-known facts

Struc. data

DM

Database Query

Unstruc. data

™

IE, IR

Table 4.2.: Differences between research fields, Yoo ET AL [236]

A differentiation between the research fields is given by Yoo Er AL [236]. He distinguishes
text mining, data mining, information retrieval and information extraction by the structure of
data and the type of knowledge. In his opinion text mining is different from data mining, be-
cause text mining handles unstructured data. Information extraction fetches already-existing
documents, whereby text mining looks for novel patterns in text. Information extraction ex-
tracts facts or events of interest, whereby text mining discovers novel knowledge. Table 4.2

illustrates this differentiation.

Information Retrieval Perspective

Jacobs [111], Salton [157],

Allan (6], Goser [74]

Data Mining Perspective

Rajman |10}, Kodratoff [131], Losiewicz

[149], Hearst [96] [97], Dorre [56], Feldman

Methodically Perspective

Joachims [116]

[62], Han [88]

Knowledge-based Perspective

Hearst [96] [97], Kao [122], Nahm [171],
Haralambos (92, Hotho [104], Heyer 98],

Feldman [61] [62]

Table 4.3.: Perspectives of text mining definitions

MEHLER ET AL [161] tries to distinguish the definitions by the division into four perspectives.
The found text mining definitions are classified in his perspectives in Figure 4.3. Some defi-
nitions are part of more than one perspective.

1. Information retrieval perspective: Text mining was introduced, in order to adjust
deficits of the information retrieval. In this perspective the information retrieval is ex-
tended by text analysis methods like text summarization and the extraction of relevant
information. It is called content-based information retrieval.

2. Data mining perspective: In reference to data mining, text mining is a natural exten-
sion of data mining. The goal of text mining is the extraction of useful information
from texts data sources through the identification of interesting patterns.

3. Methodical perspective: This perspective defines text mining as a set of methods for
the analysis of huge amount of texts.
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4. Knowledge-oriented perspective: This is the knowledge-based containment. It de-
fines text mining as the discovery of heretofore unknown and never before encountered
information, by automatically extracting information from texts and linking them to-
gether.

In this work the research fields are differentiated by their goals. Figure 4.1 visualized my ap-
proach. Natural language processing includes the analysis of natural language, information
extraction extracts information from a text, information retrieval searchs for relevant informa-
tion (e.g. documents,...) and text mining discovers new information. Data mining discovers
new information as well, but data mining uses structured data. Artificial intelligence is the re-
search field for developing intelligent machines. Data Mining and artificial intelligence uses
no unstructured data, but they are closely related to the other research fields. The methods
of each research field are mostly used in other research fields. Sometimes research fields are
connected for developing an application. For example search engines uses additionally text
mining to enhance search results.

First, there is a fundamental area. The using of fundamentals, like linguistic and mathematics,
makes it possible to define methods. For example, the fundamentals of linguistic are used by
tokenization and stemming. The statistic supports the identification of co-occurrences with
(conditional) probabilities. Zipfs law is based on statistic as well. The vector space model
for representing text documents was defined by linear algebra. The graph theory can be used
by network analysis. The logic fundamentals include the propositional and predicate logic,
which can be used by boolean retrieval, word-sense disambiguation and by methods from ar-
tificial intelligence. Another fundamental area is visualization, which includes the basics for
the representation of data. For example, with the visualization of data the visual abilities of
the viewer should be considered. The fundamentals can be used by creating charts, networks,
etc.

The developed methods are not used only by one research field, but they have their origin in
a certain one. That is highlighted by the color of the rectangles. Text mining uses for exam-
ple natural language methods (stemming), data mining methods (clustering) and information
retrieval methods (vector space retrieval).

The research fields natural language processing, information extraction, information retrieval
and text mining concern themselves with text analysis. Data mining and artificial intelligence
are adjacent research fields. The research fields are differentiated by their goals.

Based on the research fields different applications are developed. An application can be as-
signed to a certain research field as well. In addition, the combination of different research
fields is possible. Naum et AL. [171] developed a framework, called DiscoTEX (Discovery
from Text EXtraction). It is a text mining framework which includes information extraction
and data mining methods as well. This framework transforms text into more structured data
which can be mined for interesting relationships. JARoscH ET AL. [114] represents an approach,
where methods of artificial intelligence are merged into communication with an information
retrieval system. Knowledge based techniques for information retrieval are represented by
ToNG ET AL. [214].

In the following sections each area of Figure 4.1 is described. Therefore the diagram is taken
up several times and the area, which is described in the according section, is highlighted. The
following examples are based on the book Alice’s Adventures in Wonderland'. Each chapter
of the book represents a text documents.

"Lewis Carroll, #1832, http://www.gutenberg.org/files/11/11-h.zip
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4.2. Fundamentals

4.2. Fundamentals

G - G - G - G

Text Analysis
Linguistic
Mathematics

Figure 4.2.: Text analysis: fundamentals

This section introduces the important fundamentals of this work. These are highlighted in
figure 4.2. Based on this fundamentals, methods of text analysis are developed. The basics
of linguistic, language statistic and linear algebra are described.

The theory of linguistic is used for structuring the text, e.g. the extraction of words, phrases,
etc. or the identification of nouns, verbs, etc. Furthermore the linguistic can be used for
the identification of keywords. The language statistic detects statistic regularities in texts.
These language rules can be used, for example, for the identification of keywords or co-
occurrences. The vectors and matrices from linear algebra can be used to represent the terms
of a document. Based on these vectors and matrices, operations can be executed to gain more
information about a document or a set of documents.

4.2.1. Linguistic

In this section the linguistic fundamentals used by computer-assisted text analysis are pre-
sented. Compared to data mining, text analysis is adopted on unstructured data, which are
saved in documents. A document contains text, which was formed by a natural language. It
is possible to extract important information from a text, because a natural language is based
on rules and therefore, a text structure exists. In this context, grammar and semantics are very
important for text analysis.
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Figure 4.3 represents the fields of linguistic and highlights the important ones for text anal-
ysis. A description of the linguistic fundamentals and its usage for text analysis is given in
[226], [98] and [201].

Language
Structure |« - - -Pragmatics——— —»| Usage

/\\

Transmission
Medium Grammar Semantics

/ \ Morphology Syntax Lexis Discourse

Phonetics Phonology

Figure 4.3.: Structural model of language,
The Cambridge Encyclopaedia of Language [43]

Grammar

The field of grammar contains the rules, which constitute the system of a language. It defines
the structure of words (morphology) and sentences (syntax).

Morphology is the study of the composition of words. A word is the combination of mor-
phemes and a morpheme is the smallest meaningful unit in a language. Thereby free and
bound morphemes are distinguished. A morpheme is free if it can exist meaningfully on its
own, like book, read and nice. It is the base or stem of a word. A bound morpheme never oc-
curs by itself, but is used alongside a free morpheme. The use of a bound morpheme changes
the meaning of the stem. Affixes (prefix, suffix, infix and circumfix) are bound morphemes.
Examples are unread (prefix), books (suffix) and reading (suffix). A set of words belong to
a base word called lexeme. For example the words read, reads and reading belong to the
lexeme read. Lexemes are the fundamental unit of a lexicon.

The rules of syntax describe, the way that words in phrases and sentences may be combined.
The units of a phrase or sentence correlating to each other. A phrase is a group of two or
more linked words that functions as a single unit in the syntax of a sentence, like white house
or by the way. A sentence is the largest independent unit of grammar, that expresses a com-
plete idea. Conventionally, a sentence includes a subject and a verb. It begins with a capital
letter and concludes with an end mark (a period, an exclamation point or a question mark).
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For example Alice led the way, and the whole party swam to the shore.

For the computer-assisted processing of documents, linguistically relevant units (words, phra-
ses and sentences) have to be extracted first. The extracted words can be reduced to their word
stem with the help of morphology. This process makes it possible to reduce the complexity of
the analysis and to represent the word meanings. On the number of words with the same word
stem can be decided how important these are. The syntactical analysis allows the identifica-
tion of nouns, verbs, adjectives etc. Using morphology informations and syntactical rules can
help to recognize structures in the form of word- and phrases patterns. These are the basis of
the semantic analysis.

Semantic

The field of semantics concerns itself with the meaning of words, phrases, sentences and
texts. It is important to understand language in social contexts. The semantic analysis com-
prises for example the study of how and what the words of a language denote (lexis) and the
analysis of sentence-comprehensive semantic relations (discourse).

The differentiation of homonyms (word with different meanings, such as bank) and poly-
sems (word with similar meanings, such as wood), the identification of synonyms (different
words with an identical or similar meaning, such as bucket and pail) and antonyms (different
words with an opposite meaning, such as short and tall) and the search for collocations (ex-
pressions of two or more words, which make sense together, such as Your Majesty) are central
parts of the semantic. Another example of semantic analysis is the search for co-occurrences
of a word. Co-occurrences are words, which often occur together in a text.

A glossary is a list of difficult, technical or specialized terms with their definitions. In the
context of semantics a taxonomy is a hierarchical structure of words. This type of classifi-
cation points out similarities between words. A thesaurus is a dictionary which contains the
semantic relations of words, like synonyms, antonyms and contrasting words. A topic map
is a collection of topics, their relations and information sources, which are relevant for the
topics. It defines a model of knowledge structures. In this model, the knowledge of a topic is
collected. Based on topic maps, ontologies can be formulated. The definition of an ontology
is different. HEYER ET AL. [98] defines an ontology as a formalization of a common under-
standing of words for an application or subject. Furthermore it is possible to define relations
and derivation rules between the words.

Computer-assisted text analysis is mostly applied on a corpus. A corpus is a collection of
documents, e.g. articles, newspapers, web pages and eMails. Some analyses uses a second
collection for comparative purposes, called reference corpus. With a reference corpus the
significant terms of a corpus can be extracted. These are the terms, which occur more fre-
quently in the corpus than in the reference corpus. For analyzing a corpus, the terms of each
document are extracted first. A term is a word or a phrase. The set of all unique terms in the
corpus is called lexicon.

Further methods allow the extraction of keywords. Keywords are significant or descriptive
terms, which describe a document very well. These terms are often used for indexing a doc-
ument.

A corpus of a specific field includes a specialized vocabulary, called technical terminology.
It includes all technical terms of the field, which are generally usual. If the technical terms
are well-known, the analysis will be eased.
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4.2.2. Language Statistic

The words in a text are not combined randomly, but according to the syntactic rules of a nat-
ural language. Thus it is possible to detect statistic regularities in texts. These can be used
by further analysis, e.g. the difference analysis or the co-occurrences analysis. A detailed
description of statistic fundamentals is given in [98].

Zipfs Law

The first analysis of the word frequency distribution is given by Georce K. Zipr>. He de-
tected that a natural language follows the principle of least effort [246]. Frequently used
words are usually short or they become shorter over the years, such as automobile-auto-car
or television-tele-TV.

Zipf detected that the rank r multiplied with the frequency n of any word is nearly con-
stant (see Table 4.4, p. 31). The value of the constant k however is determined by the size
of the text corpus.

=k r! (4.1)

This behaviour arises because the frequency of any word is inversely proportional to its rank.
This means that the rank depends on the frequency.

n~ - (4.2)

Using the logarithm the equation will be transformed into linear form. Now the equation can
be draw as a straight line in a diagram.

log(n) = log(k) — log(r) 4.3)

Let N be the total number of all words and n the frequency of a certain word.
The relative frequency of a word is defined by:

n

— 4.4

N (4.4)
The rank position ry defines the highest rank of all words, which have the frequency n.
The constant c depends on the selected text.

N
. 4.5)
n
The language dependent constant ¢ will be determined with the following equation:
n k
=r-—=— 4.6
c=r NN 4.6)

2George Kingsley Zipf, 1902-1950, Harvard University, Linguist who studied the major statistical regularities
in language.
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Let t be the size of the lexicon. Itis the set of all unique terms. The size of a lexicon
can be estimated with the Equation 4.5:

N
t:max(rn):c-T:c-N 4.7)

The number of words, which occur n times is defined by I, and can be calculated
by:

I N N N
=71, —T, =C-——C-* =C-
" mon n n+1 nn+1)

(4.8)

Since the important words of a text do not occour very frequently, this equation allows an
estimation about the number of important words in a text. For example half of the words
occur only one time (n=1).

N[ =

(4.9)

—~
=

Il

o
N |~

Zipfs law allows statements about the word frequency distribution, the vocabulary in a text
and the increase of a vocabulary with growth of the text. Zipfs law can be used to estimate
the minimum size of the reference corpus.

In this law all words of a text are ordered by decreasing frequency and each word has a rank.
In most cases the word the is the most frequently word and gets the rank one. An example
is given in Table 4.4. In the book Alice’s Adventures in Wonderland the term Alice has a
high frequency and gets the rank 10. The rank multiplied by the frequency results in 3860.
The results of the other words are similar (4150, 4800, 3500, 3000). Consequently the law is
reflected by the book.

Rank r Word Frequency n r-n
10 alice 386 3860
50 again 83 4150
100 never 48 4800
500 listen 7 3500
1000 pieces 3 3000

Table 4.4.: Rank table (Alice’s Adventures in Wonderland)

Mandelbrot-Zipfs Law

The Mandelbrot-Zipfs law enhances Zipfs law in the range of low and high ranks. It was
defined by ManpeLeroT?. The law includes to constants c¢; and cy. The constants depend
on the distribution of word frequencies. Word frequencies depend on the language and the
kind and field of activity of a text corpus. Generally, the exponent 1 + ¢y is close to 1. The

3Benoit B. Mandelbrot, *1924, Mathematician, best known as the father of fractal geometry.
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constant c; influences the range of low ranks and the constant c; influences the range of
high ranks.

(r+e)'*® - nxk (4.10)
1
n~-——— 4.11
(r+cp)i+e “.11)
Using the logarithm, the equation will be transform as follows:
log(n) = log(k) — (1 + c2) - log(r + c;) 4.12)
91 k=3862 * Words 9| k=11107.9 * Words
I —Zipf __g| cIes e —Mandelbrot
=7 o7
: :
g2 g o
@ 4 @ 4
L3 L3
£ =2
1 1
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Figure 4.4.: Zipf and Mandelbrot (Alice’s Adventures in Wonderland)

The goal of Zipfs law is to find an approximated value of the constant k, which describe the
distribution very well. Zipfs law of the book Alice’s Adventures in Wonderland is described
by the function n = @. The Mandelbrot-Zipfs law needs additionally the values for ¢; and
Cp:n = %. The charts of 4.4 represent the word distribution of Alice’s Adventures in
Wonderland. The laws are helpful by the extraction of the important words of a text. Words
with a high frequency (low ranked words) are unimportant and not relevant for further anal-
ysis. The analysis of the dependency between rank and frequency can be helpful for stylistic

analysis and author detection as well.

Conditional Probabilities

Conditional probabilities are another statistical instrument used by text analysis. The prob-
ability of an event A under the condition that the event B already occurred is called condi-
tional probability P(A|B). For example, the conditional probability of the co-occurrence of
two words is used by the detection of significant co-occurrences.

N-gram Model

The n-gram model uses conditional probabilities. It is a probabilistic language model and
for example it concerns itself with the correctness of sentences. The unigram assigns a
probability P(wy;) to each word. By a bigram additionally the previous word is considered:
P(wi|w;i-1). A n-gram consider n previous words: P(w;|wj—(n-1)...wj-1). The probability of
a sentence can be calculated by the multiplication of all word probabilities.
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Hidden Markov Model

The Hidden Markov model (HMM) is an extension of the n-gram model. This statistical
model allows to assign properties to a language and probabilities to linguistic events. It is
defined as a stochastic finite state machine (S, A, B, O,II): S - hidden states, A - transition
probabilities, B - emission (output) probabilities, O - observations (output alphabet) and I1
- initial state probabilities. The model is used by tagging, machine learning, typing errors
correction and speech recognition.

4.2.3. Linear Algebra

Since the linear algebra is a fundamental part of many text analysis methods, this section
introduces vectors, matrices and linear algebra rules. The mathematical notations are used
in the further sections and chapters of this work as well. The use of these fundamentals are
descripted detailed in Section 4.3 (p. 35).

Vector
A vector D = vy, ..., U, includes n values. v; indicates the value of the i-th position. The mean
of the values of a vector U = vy, ..., v, are defined by v:
1 n
v=— v (4.13)
n 4

In the context of text analysis, a document or a term can be represented by a vector. For
example a document vector includes the frequency of each term in the document. A term
vector includes the frequency of the term in each given document.

Matrix

A r X ¢ matrix X = (x;) includes r rows and c columns. x; indicates the value of the i-th row
in the j-th column. The values of the i-th row can be indicated by x; and x; represents all
values of the j-th columns. In these cases the values are represented by a vector. For getting
all values, x_can be used.

A matrix can represents a set of documents and their terms. In this case each row includes a
document vector. Furthermore a matrix can be used for describing the dependencies between
terms, documents or authors. Here each row and column is a term, document or author and
the values of the matrix describing their dependencies. Based on the matrices, different ma-
trix operations can be executed.

Singular Value Decomposition

The singular value decomposition (SVD) converts the matrix A into 3 matrices. The matrix
T includes the left singular vectors and span the rows of A. The singular vectors (columns
of T) are the eigenvectors of ATA. The matrix D is the matrix of right singular vectors and
span the columns of A. The singular vectors (columns of D) are the eigenvectors of AAT. Sis
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the diagonal matrix of singular values. The size of a singular value describes the diffusion of
the dimension (dilation factor). The singular values have a decreasing order and characterize,
similar to eigenvalues, the properties of a matrix. Singular values are the roots of the eigen-
values of ATA. Because the columns of T and the columns of D including singular vectors
and they have an orthonormal base, the matrices T and D are orthogonal (TTT = I, DDT = I).

A = T S DT

(nxm) (nxr) (rxr) (rxm) @14

The SVD can be applied on matrices which are formed by terms, documents and authors.
This allows the revealing of hidden relations between terms, documents or authors. For ex-
ample, the latent semantic analysis uses SVD to reveal the semantic information. The latent
semantic analysis is described in Section 4.3.3 (p. 48).

Matrix Diagonalization

Matrix diagonalization, known as eigendecomposition or spectral decomposition as well, fac-
torizes a matrix A into 3 matrices. The matrix @ includes the eigenvectors @1, @2, ..., ¢n of
the matrix A. The matrix A includes the eigenvalues A; > Ay > ... > j, as diagonal. The
eigenvalues have a decreasing order and the eigenvectors have to be unit, i.e. their lengths are
one.

A = @ A o7

(nxXn) (nxn) (nxn) (nxn) (4.15)

Like singular value decomposition, matrix diagonalization can be applied on matrices to
reveal hidden relations. For example, the principal components analysis uses matrix diago-
nalization for their calculations. The principal components analysis is described in Section
4.3.3 (p. 51).
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4.3. Text Analysis Methods
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Figure 4.5.: Text analysis: methods

In this section the text analysis methods, used in this work, are described in detail (tok-
enization, stop word removal, stemming, term weighting, table model, vector space model,
dimension reduction and clustering). Additionally an overview about further methods, which
are used in text mining, is given. Based on the given fundamentals, which are described in
Section 4.2 (p. 27), methods for text analyses can be defined. Figure 4.5 highlights the meth-
ods, which are described now.

Figure 4.6 visualizes the important text mining methods. The methods can be differentiated
into preprocessing, representation and analysis methods. Given a set of documents, called
corpus (defined in Section 4.2.1, p. 29), the text has to be preprocessed in most cases. The
preprocessing methods extract the terms of a text, remove stop words, extract multiword ex-
pressions, etc. In this step the text will be structured. In the next step the structured text is
transformed in a processable form, e.g. tables, vector space model or a simple string. Now
the structured text can be saved in a database. Other storage possibilities are files. This al-
lows a later re-using without the preprocessing step. Based on the representation different
analysis methods can be executed. Sometimes a reference corpus is used [98]. The results of
the analysis can be used for a second preprocessing step.

The preprocessing and representation methods are described in the following two sections
(preprocessing methods in Section 4.3.1, p. 36 and representation methods in Section 4.3.2,
p- 42). The analysis methods dimension reduction (Section 4.3.3, p. 46) and clustering (Sec-
tion 4.3.4, p. 63) are described in separate sections. Further analysis methods are explained
in the last section (Section 4.3.5, p. 75).
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- Tokenization - Term Weighting - Dimension Reduction
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- Multiword phrase grouping - Single String Model - Indexing/Keyword Extraction
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Figure 4.6.: Important analysis methods for text mining

4.3.1. Preprocessing Methods

In this section methods for text preparation, such as term extraction and text structuring, are
presented.

Tokenization

Tokenization, called lexical analysis as well, is the process of splitting a text document into
meaningful units, like sentences or terms (word or phrases). Thereby all punctuation marks,
tabs and non-text characters are replaced by single white spaces. The main problem is the
identification of sentence boundaries, which can be recognized by a punctuation mark. But a
punctuation mark is applied in many ways, like Mr. or Dr.. For this reason abbreviation lists
are used to differentiate between abbreviations and the end of a sentence.

Let D be a set of text documents called corpus. The result of the tokenization process is a list
of terms T; = t1, ..., t, and maybe a list of sentences S; = s, ..., s, for each document d; € D.
In most cases the terms are only words and no phrases. Later preprocessing steps summarize
words into phrases, like the multiword phrase grouping (described in Section 4.3.1, p. 39).
The field of grammar builds the linguistic fundamentals of this method (described in Section
4.2.1,p. 28).
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Stop Word Removal

All terms of a document are extracted by the tokenization step. The generated lexicon is very
large and contains unimportant words. The goal of stop word removal is the decrease of the
size of the lexicon. In this context the not meaningful content will be removed, like articles
(the), conjunctions (and, or), prepositions (on, in), etc. The not meaningful contents are the
stop words of the text documents. Stop word removal is applied on the level of words. There
are two approaches for the stop word removal process.

One possibility is the removal of words by using a stoplist. Commonly-used stoplists are for
example:

e Van Rijsbergen, 250 stop words
Cornelis Joost van Rijsbergen, 1979 [220]
http://www.dcs.gla.ac.uk/idom/ir_resources/linguistic_utils/stop_words

e SMART, 571 stop words
Information Retrieval System, Gerard Salton and Chris Buckley, 1968
http://www.lextek.com/manuals/onix/stopwords2.html

e Fox, 519 words
Christopher Fox, derived from the Brown corpus, 1989 [64]
ftp://sunsite.dcc.uchile.cl/pub/users/rbaeza/irbook/

e Brown corpus, 1,014,000 stop words
Nelson W. Francis and Henry Kucera, 1982
http://khnt.aksis.uib.no/icame/manuals/brown/

Beside stoplists it is possible to define the stop words dependent from the corpus. In this case
(index) term selection methods can be used. WILBUR ET AL. [223] evaluated a method for the
automatic identification of stop words.

The definition of stop words based on the language statistic fundamentals from Zipfs Law,
described in Section 4.2.2 (p. 30).

Stemming

Stemming methods try to reduce words to its root or stem by removing suffixes and prefixes,
like the s from books or the ing from reading. Stemming is applied on the level of words,
like stop word removal. The stem is a morphem and the basic form of a word. The field of
morphology builds the linguistic fundamentals of this method (described in Section 4.2.1, p.
28). The words with similar meaning are summarized. This reduces the number of unique
words and therefore the size of the lexicon. For example the word protecting, protected,
protects, and protection will be summed up to the root word protect.

Stemming is not a perfect process, because there are special cases like skies — sky, lying
— lie, cosmos — cosmos (none plural) and news — news (only plural). Lists which include
these special cases have to be defined.

There are many stemming algorithms, which can be differentiated as follows.

e Simple stemming: The use of a table including all words and their stem is the sim-
plest way of stemming, called simple stemming. But this approach causes a storage
overhead.
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e Successor variety stemming: A successor variety stemmer uses the frequencies of letter
sequences for stemming.
Examples: HAFER AND WEIsS [85]

e N-gram stemming: Language independent stemming by using statistic methods. The
words are splitted into digrams (e.g. orders — {or,rd,de,er,rs}, ordering — {or,rd,
de,er,ri,in,ng}) and words are merged based on the number of common digrams.
Examples: ApaMSON AND BOREHAM [3]

o Affix removal stemming: These stemming algorithms remove the affixes (suffixes and/or
prefixes). Sometimes the computed stem will be transformed.
Examples: Lovins [151], Dawson [48], Porter [177], Paice [174], KroveTz [138]

FrAKES ET AL. [65] includes a section about the experimental evaluations of affix removal
stemming: “The Porter algorithm is more compact than Lovins, Salton, and Dawson, and
seems, on the basis of experimentation, to give retrieval performance comparable to the larger
algorithms. The Paice stemmer is also compact, but experimental data was not available for
the Paice algorithm.”

The Porter stemmer is one of the most well-known stemmer for English. It includes a set of
condition rules: conditions on the stem, conditions on the suffix and conditions on the rules.
The rules iteratively transform words into their stems.

Lemmatization

Compared to stemming the lemmatization transform a word to its basic form, called the
lemma. While stemming removes suffixes and prefixes from a word, lemmatization uses
rules for the transformation. This is a complex process, because the inflectional and variant
forms (the part of speechs) of every word in a sentence has to be known. This requires, for
example, knowledge of the grammar of a language. The difference to stemming is that a
stemmer considers a single word without knowledge of the context. For this reason a stem-
mer would not transform the word better to good, as it is with lemmatization.

For a lemmatizer different methods exist. One possibility is the use of a lexicon including the
lemma for each word. If a word exists in the lexicon, the specified lemma will be returned.
Another method defines a list of rules which replace affixes for generating the lemma form.
For example: If a word ends by ing”, then strip "ing” and add “e”. These rules are often
called rules of detachment. In practice stemming or a combination of stemming and lemma-
tization is frequently used. The field of morphology builds the linguistic fundamentals of this
method (described in Section 4.2.1, p. 28).

Examples are the MorphAdorner # and the WMTrans Lemmatizer >. A lot of lemmatization
algorithm approaches are given by MLADENIC ET AL. [176]:

e A rule induction system [ATRIS, 1993-2002],

e If-then classification rules [2002],

Naive Bayes [2002],

A first-order rule learning system [CLog, 2004] and
Ripple Down Rule (RDR) learning [2004].

4Java command-line program, http://morphadorner.northwestern.edu/
SWordManager Transducers, http://www.canoo.com/wmtrans/home/index.html
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Multiword Phrase Grouping

In natural languages, groups of words can occur as a single unit, called multiword expressions
(MWE?), such as add up, telephone box or Los Angeles. There are linguistic and statistic ap-
proaches (described in Section 4.2.1, p. 27 and Section 4.2.2, p. 30) for the detection and
grouping of multiwords to n-word terms, which is a key problem in natural language process-
ing. Multiword phrase grouping is well-known under the names multiword recognition and
multiword extraction as well.

SAG ET AL. [184] introduces different kinds of MWEs and describes some analytic techniques.
A good overview about linguistic and statistic techniques are given by [189] as well.

Word-Sense Disambiguation

In natural language, some terms have different meanings, like bank: a financial institution,
the border of a river or lake or a bench. These terms are called homonyms (defined in Section
4.2.1, p. 29). Word sense disambiguation (WSD) tries to resolve the ambiguity. Thereby the
meaning of a term can only be determined by examining its context. Different approaches
are possible [189]: knowledge based, corpus based and hybrid. Knowledge based approaches
using information from a lexicon or knowledge base, whereas corpus based approaches using
information which are extracted by a training corpus. A hybrid approaches combines knowl-
edge and corpus approaches. The field of semantic builds the linguistic fundamentals of this
method (described in Section 4.2.1, p. 29).

Anaphora resolution

Anaphora resolution is the process of resolving indirect references of noun phrase, like he
or herself. A noun phrase can be a pronoun, a demonstrative, a reflexive etc. The two main
approaches are the knowledge based and machine learning approach. Knowledge based ap-
proaches are based on linguistic analysis of the sentences. Machine learning approaches are
based on an annotated corpus.

FELDMAN ET AL. [62] gives a good overview about the fundamentals and methods for anaphora
resolution.

Synonym Detection

Synonym detection is the process of the detection of synonymous terms and the following
conflation by using a list of synonyms. Another possibility is the recognition of synonyms by
using a text corpus. The field of semantic builds the linguistic fundamentals of this method
(described in Section 4.2.1, p. 29). The denotation of synonyms are defined in Section 4.2.1

(. 29).

Parsing

Parsing, known as role determination as well, is the syntactic analysis of the structure of a
sentence according to a certain grammar theory (described in Section 4.2.1, p. 28). The sen-
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tence structure will be analyzed and each term will be annotated according to its position,
e.g. subject, object, etc.

In many languages, it is possible to recognize the role of a term by its position in the sen-
tence. Typically the sentence will be represented as a tree, called parsetree. In this tree the
root node is the sentence, branch nodes are non-terminals and leaf nodes are the terminals of
the grammar. One parsing problem is the syntactic ambiguity. Sometimes it is possible to
create several grammatically correct syntax trees for one sentence. One possibility to solve
this problem is probabilistic parsing [226]. The task of probabilistic parsing is the identifi-
cation of ambiguities and the selection of the most probable syntax tree under the possible
syntax trees for the sentence.

Parsing can be differentiated into deep and shallow parsing. Deep parsing extracts the com-
plete syntactic structure of a sentence. However, that is expensive, not robust enough and not
needed in most cases. Shallow parsing, on the other hand, extracts only a limited amount of
syntactic information. Thus, shallow parsing is faster and more robust. Typically a shallow
parser includes additionally POS-Tagging and text chunking.

Part-of-Speech Tagging

Part-of-Speech tagging (POS-Tagging), known as morphosyntactic tagging as well (see mor-
phology, Section 4.2.1, p. 28), is the grammatical tagging of a text. It determines the part
of speech of each word. In classical linguistic eight kinds of words are known: noun, verb,
adjective, preposition, pronoun, adverb, conjunction, and interjection. The knowledge about
the part of speech of each word can support the syntactic analysis (parsing) and the stemming
(described in Section 4.3.1, p. 37).

There are rule-based, stochastic and transformation-based tagger. Rule-based tagger are
based on a list of disambiguation rules (the grammatic), e.g. the ENGTWOL Tagger. The
stochastic approach based on the idea that certain combinations of words are very probable
(e.g. article+noun) and others are rather improbable (e.g. article+verb). A training corpus
is used to compute the probability of a given word in a given context. An example tagger is
the HMM tagger, which is based on the Hidden-Markov-Model (see Section 4.2.2, p. 33).
Transformation-based tagger are combinations of rule-based and stochastic tagger. For ex-
ample the Brill Tagger.

An overview about POS-Tagging and the examples are given in [226].

Text Chunking

Text chunking is also known as phrase recognition. Sentences are divided into non-overlapping
phrases in order to group adjacent words in a sentence. Text chunking can be used by
keyphrases detection and text summarization. The field of grammar builds the linguistic
fundamentals of this method (described in Section 4.2.1, p. 28).

Entity Extraction, Relation Extraction, Coreference Resolution

Entity extraction, also known as named entity recognition and entity identification, is the
process of locating and classifying elements in text. There are predefined categories such as
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the names of persons, organizations, locations, dates, times, etc. The Hidden-Markov-Model
(see Section 4.2.2, p. 33) is successfully used by this process. For example in the Nymple
system, later called Identifinder system, from Bikel et al. [21].

Relation extraction is the process of locating and classifying relationships between entities.
A relationship is defined over two or more entities, for example is employee of or capital of.
Coreference resolution is the process of locating noun phrases which refer to a entity. The
noun phrases describes the entity.

On one hand, there are rule-based information extraction systems with manually codec rules,
later with algorithms for automatically learning rules. On the other hand, there are statis-
tic based information extraction systems. There are generative models based on Hidden-
Markov-Models and conditional models based on maximum entropy.

Sarawagi et al. [190] give an overview about the fundamentals and some applications are
presented. Feldman et al. [62] describe some entity extraction methods as well.
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4.3.2. Representation Methods

In this section, methods for representing text in a computer processable form are described.

Term Weighting

The first step for describing the terms of a text is the definition of a weight w(t;, d) for each
term t; in a document dj. In a corpus C a collection of documents dj. € C exists. A document
dj. contains a set of terms t; € dj. The set of all unique terms in the corpus are saved in a
lexicon L. The function f(t;, di.) defines the frequency of a term ¢; in a document dj.

The definition of terms weights based on the fundamentals of language statistic (described in
Section 4.2.2, 30), e.g. Zipfs law.

Term Existing Weight: The simplest weighting approach declares in which documents a term
exist. If term t; exists in the document dj the weight is 1, otherwise O. This weight allows a
binary representation of documents and thus the using of boolean operations.

g(ti,dk)={(1) Wt di) >0y 4.16)

else

Term Frequency Weight: Another weighting approach uses the frequency f(t;, dj) of a term
t; in a document dj.

J(t, di) (4.17)

If a term occurs six times in a small document, the term describes the document very well.
That will be not the case, if the document is very large. The term frequency has to be nor-
malized by defining the relative frequency tf.

_ f(ti’ dk)
tf (. die) = —thedkf(tj’ a0 (4.18)

Another possibility is the normalization via the frequency of a term with the highest frequency
in the document. [8]:
ti,.d
(6, i) = — ) (4.19)
max}f (9, dk)
Term Distribution Weight: A term t; is characteristic for a document dj, if it occurs mainly
in this document. That is described by the inverse document frequency idf.
idf (t;) = logL (4.20)
|d 1t € d|

Term Significance Weight: The combination of relative term frequency and term distribu-
tion TfIdf describes the significance of a term ¢; in a document dj.. Significant terms for a
document are those terms which occur mainly in this document and then frequently.

TAAS (6, die) = tf (i, die) - idf (L) (4.21)
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In Sacron ET AL. [187] another term weight is described that is used in practice. This term
weight is normalized by the terms of a document.

TS (4. i) = (b, die) - idf () 4.22)

VZgea, UG, di)? - idf ()

In practice mostly the term existing weight and term significance weight are used. A weight
threshold can be defined for reducing the complexity. In this case only the terms with a term
weight higher or equal this threshold are used in further analysis. A detailed introduction is
given by HEYER ET AL. [98].

Table Model

One possibility for representing and saving terms is the use of tables. By using a database,
this allows an efficient saving and access of terms. In this case, SQL queries can be used for
getting specific terms. There are several possibilities for the construction of the table model.
One is described in the following section.

The first table includes the original documents. That is necessary, if the original text has
to be accessed later again. Each text document gets its own ID and it is possible to save
further information, such as the original document text (text), the document name (name)
and the creation date (date). An example of a document table is given in 4.5. If a document
has several revisions, the revisions will be saved separately in the table. The revisions are
distinguished by its ID.

d.id text name

1 Alice was beginning to get ... Down the Rabbit-Hole AAW-CH1
11 The King and Queen of ... Who Stole the Tarts? AAW-CHI11
12 "Here!” cried Alice ... Alice’s Evidence AAW-CH12

Table 4.5.: Example of a document table

The next table includes the sentences of text documents. Each sentence is saved only one
time, even if it arises several times. If texts (e.g. revisions) are very similar, this will be an
efficient method. Table 4.6 shows the structure of a sentence table.

s_id sentence

1 Alice was beginning to get very tired of...
2 Oh dear!
3 On this the White Rabbit blew...

Table 4.6.: Example of a sentence table
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The terms are saved in the term table. Additional columns are for example the total frequency
or the subject area. An example is given in Table 4.7.

The definition of a co-occurrence table including the significant co-occurrences (terms those
arise very often together, see Section 4.2.1, p. 29) is possible as well (Table 4.8). A further
possibility is to connect the term table with a dictionary to get more information about the
term, like the synonyms.

To combine the document with the sentence table and the sentence with the term table, in-
verse tables can be used. The Tables 4.9 and 4.10 are example inverse tables. Additionally,
the frequency or position of a sentence in a document or a term in a sentence can be saved.
Other structures of the table model are possible. For example the sentence table could be
removed and the terms can be directly combined with the document inverse table. If the
documents have revisions, the differences between the revisions can be saved. Between two
revisions the added and deleted sentences can be saved.

For further informations the German book 7Text Mining: Wissensrohstoff Text [98] describes
the construction of a text database very detailed.

tid  term total frequency tl.id t2_id significance
1 the 1643 3 4 20
2 alice 386
3 white 30
4 rabbit 47
Table 4.7.: Example of a term Table 4.8.: Example of a co-occurrence
table table
d.id s-id frequency s_id t_id frequency
1 1 1 1 1 3
2 2 1 2 2
11 3 1 4 4 1
Table 4.9.: Example of a document- Table 4.10.: Example of a sentence-
sentence inverse table term inverse table

Vector Space Model

The vector space model (VSM), also known as vector space retrieval or bag of words model,
is probably the most well-known model in information retrieval. Documents and search
queries will be represented as vectors. The model was developed in the range of the SMART
project [28]. Today the vector space model is used in other text analysis areas such as text
mining as well. The mathematical fundamentals are described in section 4.2.3 (p. 33).

In the vector space model a document dj is represented as a n-dimensional vector TDV (dy).

TDV(dy) = (w(ty, di), ..., w(tn, di)) (4.23)
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Each element of the vector is a term of the document represented by their term weight
w(t;, di) (see Section 4.3.2, p. 42). The size n of the vector is defined by the number of
all terms in the corpus. The transformation of a document into a vector allows the use linear
algebra to analyze the document collection. For example the similarity of two documents can
the calculated by computing the similarity of the corresponding vectors.

The documents of a corpus can be saved in a term document matrix A with n rows and m
columns. In this matrix each row represents a term and each column represents a document.
The element a; of the matrix contains the weight of the i-th term in the j-th document. An
example is given in Table 4.11. In this table the chapters of the book are the documents. Fur-
thermore it is possible to derive a dissimilarity matrix D from the term document matrix.
Each column and row represents a document or term and the values describe the pairwise
dissimilarity of the documents or terms.

Ch1 Ch2 Ch3 Ch4 e Ch12
king 0 0 0 0 22
day 1 2 1 0 2
rabbit 9 3 0 12 8
dogs 0 3 0 0 0

Table 4.11.: Example of a term document matrix

Because of the high number of terms, the term document matrix has many dimensions. The
matrix is very sparse, because in each text only a small number of terms arise. Thinning the
dimensions out by removing stop words is not sufficient. Further methods, such as dimension
reduction, have to be applied.

Bigram Proximity Matrix

A bigram proximity matrix, known as text proximity matrix as well, encodes each document
as a matrix [156]. If two terms t; and t, arise one behind the other, there will be a term pair
(t1, t2). A row in the matrix represents the first term in the pair, and a column represents the
second term in the pair. The element xy. of the matrix is the number of times the i-th term
appears before the j-th term. Thus there will be n matrices with m rows and m columns, if
the corpus includes n documents and m terms. In a bigram proximity matrix each sentence
ends with a period. All other special characters will be removed. This allows a more detailed
encoding of the documents. An example is given in Table 4.12.

! a curious feeling what
! 0 0 0 0 0
a 0 0 1 0 0
curious 0 0 0 1 0
feeling 1 0 0 0 0
what 0 1 0 0 0

Table 4.12.: Example of a bigram proximity matrix, for the sentence What a curious feeling!
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4.3.3. Dimension Reduction

Given a data set, e.g. a set of documents and their terms, the dimension reduction is a method
which can be used for preprocessing the data. The result is an approximated matrix in that
the noise is removed from the data and the important features (e.g. terms) are highlighted. In
text analysis the dimension reduction is mostly applied on a term document matrix or on the
derived dissimilarity matrix (see Section 4.3.2, p. 44). This preprocessing allows a more ef-
ficient and effective clustering, classification, topic detection, data selection, etc. Sometimes
dimension reduction is executed during the clustering or classification.

Feature Transformation Feature Selection

Quinlan’s C4.5 (179}, Optimal Brain
Damage |144], Random Forests |26],

3 Chi-Square measure (2311,
é LDA [63][17], Information Gain [179], Odds Ratio
8 Supervised PPCA [237] (1641, Mutual Information [173],
o Forward Selection [134], Backward
Elimination [134], Genetic Search
[150], Simulated Annealing [150]
PCA [118][196] [17] [201], LSA [50] [17]
12011, MDS [42] [75] [79] [89] .
2 [141] [175] [188] [215] [216], ISOMAP Categor'y Utﬂltym_"NMFTs"
2 [211] (9], LLE [181] [182], LDM [38] [37], La;placgm Sfore 31, Q—a_[:-o],
g EFA 49] 413, ICA 291, local PCA %11(: ustern}g [_713 FSSEM"|>7|, DF
a FukuNaGa ET AL. [120], PPCA [213], SOM reShOIdlng (2341, TS 2215 LR
5 (133], GTM [22], RM [117], SM [40], TFIDme)" TfVl21(>|, ™
CCA (513, CDA [1461, KDA [14], local Thresholding [Scc. 4.3.3. p. 60]

FDA [207], CentroidQR (115,

Table 4.13.: Dimension reduction techniques

There are a lot of techniques to reduce the number of dimensions. The techniques can be
divided into feature transformation and feature selection methods and into supervised and
unsupervised learning methods [45]. An overview about the different techniques are given in
Table 4.13. The abbreviations are listed in chapter A.

Feature transformation maps the original data set into a lower dimensional space. The new
space is generated by combinations or transformations of the original ones. Sometimes this
is problematic, e.g. if the original dimensions were built by terms. In this case the new di-
mensions don’t have an obvious reference to the terms. Feature transformation techniques
are applied on the term document matrix or on a derived dissimilarity matrix. The implemen-
tation can be linear or non-linear. Some techniques have more than one implementation with
linear and non-linear approaches. An overview about the classification is given in Table 4.14.
On the other hand, feature selection discover an important subset of the original data set. The
techniques can be divided into filter, wrapper and embedded methods 4.15 [45]. Filter based
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approaches remove irrelevant features, whereas wrapper based approaches choose the rele-
vant features. By the embedded approach the feature selection is integrated into the learning
algorithm. Some feature selection techniques are executed during classification or clustering.
Supervised methods have a supervised learning process. Each object (e.g. document) has
class labels which are taken into account by the dimension reduction process. Using class
labels, objects are grouped in different classes.

By unsupervised methods no additional information about the data exists.

Term document matrix Dissimilarity matrix
= ICA, EFA, PCA, LSA, LDA, local
= PCA, PPCA, supervised PPCA, MDS
- RM, SM, CentroidQR
;
L
£ ISOMAP, LLE, LDM, MDS, SOM,
-é ICA, EFA, KDA, local FDA GTM. CCA, CDA
S
Z

Table 4.14.: Feature transformation techniques

Filter Methods Wrapper Methods

Chi-Square measure, Information Gain, Forward Selection, Backward
Odds Ratio, Mutual Information Elimination, Genetic Search, Simulated
. ) Annealing
Laplacian Score, DF Thresholding, TS,
mean TFIDF, TfV, TW Thresholding Category Utility, FSSEM
Embedded Methods

Quinlan’s C4.5, Optimal Brain
Damage, Random Forests

NME, Q-a, Biclustering

Table 4.15.: Feature selection techniques
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Latent Semantic Analysis

The goal of Latent Semantic Analysis (LSA), known as Latent Semantic Indexing (LSI) as
well, is to reveal the semantic information from a corpus by the transformation into a seman-
tic space. The semantic space includes latent semantics between terms and documents. For
example terms can be associated with a document even if they did not appear in the text.
By this approach the problems of synonyms are resolved and the problems of homonyms are
partially detected as well. The terms are summarized to clusters, whereby the dimensions of
the matrix are merged to a common concept. LSA afford additionally the removing of noise
in the data.

LSA is applied on a n X m term document matrix A = (a;), whereby the rows are terms
(n terms) and the columns are documents (m documents). For creating the semantic space,
the matrix will be approximated by using singular value decomposition and denoising. The
method was introduced by DEERWESTER ET AL. [50] and was used in information retrieval
first. The fundamentals of linear algebra (definition of vectors and matrices and operations
on them) are introduced in Section 4.2.3 (p. 33). The semantic fundamentals are described in
Section 4.2.1 (p. 29).

Singular Value Decomposition: The Singular Value Decomposition (SVD) is described in
section 4.2.3 (p. 33). It converts the term document matrix A into 3 matrices. The matrix T
includes the left singular vectors and spans the term space of A. The matrix D is the matrix of
right singular vectors and spans the document space of A. S is the diagonal matrix of singular
values.

A = T S DT

(nx m) (nxr) (rxr) (rxm) @.24)

The SVD can be adapted by the creation of a document-document matrix (4.25) or a term-
term matrix (4.26) as well. To find documents for a query g (information retrieval), the query
have to be represented as a term vector X, (4.27). A matrix D, will be derived. The equations
are valid after the approximation of the matrix (Denoising) as well.

ATA = D(ssT)DT (4.25)
AAT = T7(ssTTT (4.26)
Dy =X, TS™ 4.27)

Denoising: The next step is denoising, whereby the noise in the data are removed. The noise
of the data are unimportant relations between documents and terms. For example if a term
occur in a document, but the term is not relevant for the document. That will be achieved
by the dimension reduction of the matrix A. The matrix has the rank r. The rank defines
the maximum number of linear independent row vectors and the maximum number of linear
independent column vectors.
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SVD allows the approximation of a matrix by matrices of lower rank/dimension k < r (low-
rank approximation). Thus the lowest singular values are truncated and only the first k sin-
gular values are kept.

~ A’ — T
Ax A = T Sic D} 4.28)
(nxk) (kxk) (kxm)

Since zeros were introduced, the representation can be simplified by deleting the zero rows
and columns. The value k should be small enough to filter the unimportant details and large
enough to keep the important features. The choice of a good value is an open issue in the
factor analytic literature. One possibility is to plot the singular values and to look for a flat-
tening or a break. Another possibility is the computation of the differences between the result
matrices with different i values.

The approximated matrix A’ represents the semantic space of the term document matrix A.
The cosine between two vectors of the semantic space supplies the semantic similarity of two
words or documents. The space of the matrix A’ is smoothed concerning the original matrix
A. In the semantic space terms and documents that are closely associated are placed near
to each other. Thus synonyms are detected, because the values of adjacent terms are more
similar and terms get a value for a document even if they did not appear in the text. The
computational complexity of this transformation is O((|T| + |D|)? - k).

Example: Now the LSA will be explained by an example. First, the term document matrix
of 4.16 will be transformed by the Singular Value Decomposition.

o
g
o
&
o
&
o
=
o

o
=

[
[\
(@)

king
majesty
queen’s
duchess’s
shark
chair
room
turtles
turtle

S W W= OO OO
SO OO OO N W
S OO O = = =N
NDO O~ OO OO

SO = OO0 = <o &

\S)
~

29

Table 4.16.: Term document matrix for LSA
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0.08 -0.98 0.11 -0.05 0.04
0.02 -0.17 -0.24 0.03 -0.16
0.02 -0.07 -0.95 0.13 0.06
0.02 -0.03 0.06 -0.01 -0.43
T =]0.02 0.00 0.02 0.00 0.40
0.00 0.00 0.02 0.32 0.00

0o 11 2 0 26 0.00 -0.03 0.14 0.94 0.00
0 3 1 0 4 0.04 0.01 0.04 -0.01 0.79
0 5 1 0 0 1.00 0.08 0.01 0.00 -0.03
0 0 1 0 1

A=|0 0 0 1 0 39.73 0.00 0.00 0.00 0.00
1 0 0 0 0 0.00 28.75 0.00 0.00 0.00
3 0 0 0 1 S =] 0.00 0.00 4.83 0.00 0.00
0 0 0 2 0 0.00 0.00 0.00 3.14 0.00
0 0 27 29 () 0.00 0.00 0.00 0.00 1.70

0.00 0.03 0.68 0.73 0.05
0.00 -0.40 0.00 0.08 -0.91
DT ={0.09 -0.90 -0.11 0.11 0.41
1.00 0.08 0.01 -0.01 -0.04
0.01 0.17 -0.72 0.67 -0.01

Now the dimension reduction by choosing a k is possible. The matrices for I = 3, k = 2 and

Ic = 1 are calculated.
0.08 -0.98 0.11

0.02 -0.17 -0.24

0.02 -0.07 -0.95

0.02 -0.03 0.06

0.05 10.89 2.10 0.13 26.02 T; =]0.02 0.00 0.02

-0.10 3.02 0.66 0.06 4.01 0.00 0.00 0.02

-0.41 4.96 1.04 -0.09 -0.01 0.00 -0.03 0.14

0.03 0.11 0.51 0.54 0.94 0.04 0.01 0.04

Az =| 0.01 -0.07 0.53 0.59 0.08 1.00 0.08 0.01
0.01 -0.09 -0.01 0.01 0.04

0.06 -0.27 -0.07 0.01 1.06 39.73 0.00 0.00

0.02 -0.24 1.06 1.20 -0.11 S3 =| 0.00 28.75 0.00]

0.00 0.23 27.01 29.19 -0.09 0.00 0.00 4.83

0.00 -0.40 0.00 0.08 -0.91

[0.00 0.03 0.68 0.73 0.05]
DI =
0.09 -090 -0.11 0.11 0.41

0.00 11.37 2.16 0.07 25.80 0.00 0.10 2.16 2.32 0.16
0.00 1.98 0.54 0.19 4.49 0.00 0.02 0.54 0.58 0.04
0.00 0.83 0.54 0.42 1.87 0.00 0.02 0.54 0.58  0.04
0.00 0.37 0.54 0.51 0.82 0.00 0.02 0.54 0.58 0.04
Ag =(0.00 0.02 0.54 0.58 0.04 A; ={0.00 0.02 0.54 0.58 0.04
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.34 0.00 -0.07 0.78 0.00 0.00 0.00 0.00 0.00
0.00 -0.07 1.08 1.18 -0.18 0.00 0.05 1.08 1.16 0.08
0.00 0.27 27.02 29.19 -0.11 0.00 1.19 27.02 29.00 1.99

A comparison of the matrices shows, that the best approximation is given with k = 2. The
singular values have a break at this point as well. In the matrix Ay turtles is regarded as
synonymous for turtle and queen’s is associated with majesty. The values are highlighted red
in each matrix to visualize the change.

Figure 4.7 represents the two dimensional approximated matrix as a chart. The first two
columns of T represent the values for the terms and the first two columns of D represent the
values for the chapters. Because of the high approximation a lot of points are nearby null.
Chapter 9 and chapter 10 are near together, since the term furtle arises very frequently in
both chapters. Because the term king occurs in chapter 11 very frequently, these points are
adjacent as well.
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Figure 4.7.: Latent semantic analysis 2D-plot

Similar Methods: A similar method to LSA is Random Mapping (RM), known as random
projection (RP) as well, from Kask1 ET AL. [125] [121]. Compared to LSA the reduced space
is a composition of random vectors. The method based on the lemma from JOHNSON ET AL.
[117]. To reduce the complexity of RM, Sparse Random Mapping (SRM) was introduced.

Principal Components Analysis

The Principal Components Analysis (PCA) is a method which reduces the dimensions of a
data set, so that only few information is lost. Thus the noise are removed and pattern can be
detected, because the similarities and differences are highlighted by the PCA.
Mathematically it is a transformation of the data into a lower dimensional space, in which the
main part of the data variance is. The lower dimensional space is defined by eigenvectors,
called principal components. The variables are summarized to few linear combinations based
on the principal components, which resolve together a large as possible part of the variance.
A detailed description about PCA can be found in the book Principal Component Analysis
[118]. The tutorial about PCA from SHLENS ET AL. [196] includes the background mathemat-
ics (covariance and matrix algebra) and describes the PCA by an example.

PCA will be applied on a n X m matrix A = (a;), where the columns are objects (samples)
and the rows are the variables (features) of the objects. The matrix has n variables (terms)
and m objects (documents, authors, etc.). Because the rows represent the dimensions of the
matrix, the matrix has n dimensions. In the area of text analysis the matrix is called term doc-
ument matrix. In the majority of cases the objects are documents and the terms are variables.
But it is also possible to take the terms as objects. The fundamentals of linear algebra (defi-
nition of vectors and matrices and operations on them) are introduced in Section 4.2.3 (p. 33).

Centered Matrix: The first step of PCA is the calculation of the centered matrix B = (by)
to adjust the data set. The mean of each variable (row) is calculated and substracted from
each object. Therefore the mean vector A=(a,....dn) including the mean values for each
variable will be calculated. For each column b; of B the mean vector A will be substracted
from each column a; of A

bi=a;-A (4.29)
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Covariance Matrix: Now the covariance matrix ¥ = (o) of B can be calculated. The
covariance is a measure which describes the correlation between two variables i and j. It
defines the dispersion around the mean concerning each other. The variance will be given, if

i=].

1 v _ _
Ojj = ﬁ Z(aik - ai)(ajk - aj) (4.30)
k=0

Since the centered matrix B includes the adjusted data set, the covariance matrix X can be
defined as follow:

1
¥=——BB" (4.31)
m-—1
% has n rows and n columns representing the variables. The value oyz is the covariance be-
tween the i-th and j-th variable. The variables will grown in the same direction, if the covari-
ance value is positive. If the covariance value is negative, the variables will grown in opposite
directions.

Matrix Diagonalization: The next step is the diagonalization of the covariance matrix.
Therefore the eigenvalues A;, /s, ..., A, and eigenvectors @1, @, ..., ¢, of X have to be cal-
culated. An introduction into the matrix diagonalization can be found in section 4.2.3 (p.
33).

z = D A oT

(nxXn) (nxn) (nxn) (nxn) (4.32)

The rows of @ refer to the variables and the columns (eigenvectors) represent the components.
The values are the transformation coeflicients of a variable, concerning a specific component.
The eigenvalues in A define the variance, which is resolved by the corresponding component
(eigenvector). Thus it defines the significance of each component.

Dimension Reduction: Since the eigenvalues have a decreasing order, the components are
given in order of significance. The eigenvector with the highest eigenvalue reproduces the
data best and is called the first principal component. To reduce the dimensional space,
components of lesser significance can be ignored. If the eigenvalues are small, only few in-
formation will be lost.

Different methods exist to define the number of components i which should be remained.
One possibility is to plot the eigenvalues and to look for a flattening or a break. A simple ap-
proach is the Kaiser-Guttman Criteria. In this case only the components are selected, whose
eigenvalues are greater than one. Another possibility is to choose the first k eigenvalues so
that about x percent of the variance by the components are reproduced, e.g. 85 percent:

ke

i=1 ﬂi
n .
i=17J"%

>0.85 (4.33)

There are two possibilities to use the lower dimensional space for the original matrix A. The
objects of the matrix can be described by the components. Otherwise the matrix can be ap-
proximated by the components.
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Transforming: The original matrix A can be transformed to a new basis F using the first k
components.

F=0pA (4.34)
If all n components are used, the original matrix can be rebuilt:
A=0TF (4.35)

Approximation: With Ik, the best rank-k approximation to X in the least square sense is given
[245].

~3 = T
DIESD (O Ak O, (4.36)
(nxn) (nxk) (kxk) (kxn)

For an approximation of the matrix B = (b;) to B’ = (b:.j) the matrix ® = (¢y) including the
principal components are used:

I
Mo= Y wy-p; wy=q]-b; 4.37)
=1

An object of the matrix B’ is the weighted sum (wy) of the principal components (¢;). An
approximation A’ of the original matrix A can be derived as well using the mean vector
A=(@.....an):

a, =b, +A (4.38)

PCA using SVD: Instead of calculating the eigenvectors and eigenvalues of the covariance
matrix X = ﬁBBT, it is possible to use SVD for the identification of the eigenvectors and
eigenvalues [5] [199].

Finding the eigenvalues and eigenvectors of ﬁBBT is the same as finding the eigenvalues
and eigenvectors of BBT, at which the eigenvalues of BB are (m-1)-times greater than the
eigenvalues of —L-BB”.

In SVD the matrix B is decomposed to B = USVT, whereby BBT = US?UT. The eigenvalues
of BBT are the squares of the singular values on S and the columns of U are the eigenvectors
(section 4.2.3, p. 33).

Example: The example data are known from the LSA example in figure 4.16 (p. 49). First
the centered matrix B have to be calculated. Afterward the covariance matrix ~ = ;I}BBT can
be defined.

0 11 2 0 26 -7.8 32 -58 -7.38 18.2
(0] 3 1 0 4 -1.6 1.4 -06 -16 2.4
0 5 1 0 0 -1.2 3.8 -02 -12 -1.2
0 0 1 0 1 -0.4 -0.4 0.6 -04 0.6
A=]|0 0 0 1 0 B=| -0.2 -0.2 -0.2 0.8 -0.2
1 0 0 0 0 0.8 -0.2 -0.2 -0.2 -0.2
3 0 0 0 1 2.2 -0.8 -0.8 -0.8 0.2
0 0 0 2 0 -0.4 -04 -0.4 1.6 -0.4
(0] 0o 27 29 0 -11.2 -11.2 158 17.8 -11.2
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124.20 19.15 2.55 3.10 -195 -1.95 -1.30 -39 -95.70
19.15 3.30 1.60 0.45 -0.40 -0.40 -0.60 -0.8 -15.65
2.55 1.60 470 -0.35 -0.30 -0.30 -1.20 -0.6 -10.05
3.10 0.45 -0.35 0.30 -0.10 -0.10 -0.15 -0.2 1.15
X=| -1.95 -0.40 -0.30 -0.10 0.20 -0.05 -0.20 0.4 4.45
-1.95 -0.40 -0.30 -0.10 -0.05 0.20 0.55 -0.1 -2.80
-1.30 -0.60 -1.20 -0.15 -0.20 0.55 1.70 -0.4 -11.20
-3.90 -0.80 -0.60 -0.20 0.40 -0.10 -0.40 0.8 8.90
-95.70 -15.65 -10.05 1.15 445 -2.80 -11.20 8.9 235.70

Now the calculation of the eigenvalues and eigenvectors of X is possible.

—-0.50 0.85 0.05 -0.03 -0.16 0.00 0.00 0.00 0.00
-0.08 0.13 -0.24 0.17 0.79 0.48 0.01 -0.04 -0.16
-0.03 -0.04 -0.89 0.00 -0.36 0.15 -0.01 -0.24 0.02
0.00 0.05 0.05 0.42 0.17 -0.47 -0.02 -0.75 0.06
o =| 0.02 0.01 0.02 -0.39 0.08 0.01 0.89 -0.22 0.07
0.00 -0.04 0.10 0.05 -0.20 0.03 0.09 -0.11 -0.96
-0.03 -0.10 0.37 0.16 -0.33 0.72 -0.03 -0.41 0.18
0.03 0.02 0.05 -0.78 0.16 0.00 -0.45 -0.40 -0.07
0.86 0.50 -0.02 0.04 -0.05 0.07 0.00 -0.01 -0.01

293.59 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 71.39 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 5.38 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.74 0.00 0.00 0.00 0.00 0.00

A= 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

The columns of the matrix @ are the principal components (eigenvectors) and the matrix A
includes the eigenvalues. In the next step the number of component, which should be repre-
sent the objects, have to be chosen. It is defined that at least 80 percent of the variance have
to be reproduced. By taking the first component (kc = 1) about 79.11 percent of the variance
are reproduced. 98.35 percent of the variance will be reproduced, if k = 2. Consequently
kc = 2 components will be chosen.

Zilzl ﬂi
o A

21‘2:1 ﬁi
i1

=0.79<0.8 =0.98 > 0.8

Now the transformation to the matrix F = CD£A is possible and the approximated matrix A’
can be defined. The objects of the original matrix A are represented by two components now,
whereby 98.35 percent of the variance are reproduced. The new presentation has only two
dimensions.

e (—0.10 -5.88 22.16 25.08 —13.28)
-0.33 954 15.23 14.43 22.56
-0.10 11.17 2.07 -0.06 25.92
047 217 0.65 0.32 4.39
1.87 1.70 051 0.44  1.47
-0.17 0.30 050 0.46 0.91
A’'=| 0.01 -0.01 050 0.54 -0.04
079 0.38 -0.01 0.01 -0.16
2.19 142 0.01 0.00 0.39
0.02 -0.02 0.99 1.08 -0.07
0.03 -0.06 26.94 29.06 0.03
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Figure 4.8 includes a plot of the chapters represented by two principal components. The
diagram is similar to the LSA diagram in figure 4.7. The chapters 9 and 10 are adjacent as
well.
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Figure 4.8.: Principal components analysis 2D-plot

Similar Methods: A similar method to PCA is Independent Component Analysis (ICA).
ICA is a technique which identify statistically independent components from a data set to
identify global patterns [29]. PCA identify orthogonal components. A PCA extension is the
Local Principal Component Analysis (local PCA) from FukunaGa ET aAL. [66] and KamB-
HATLA ET AL. [120]. By this methods, the data are clustered before applying PCA on each
cluster. Other PCA extensions are the Probabilistic Principal Component Analysis (PPCA)
[213] and the Supervised Probabilistic Principal Component Analysis (Supervised PPCA)
[237].

Linear Discriminant Analysis (LDA) is a technique for data classification and matrix ap-
proximation, developed from FisHER ET AL. [63]. There are different non-linear implementa-
tions for this technique as well, e.g. the Kernel Discriminant Analysis [14] and the Local
Fisher Discriminant Analysis [207]. The LDA is similar to PCA, but the LDA considers the
class labels of the data. The objects are assigned to classes and the transformation maximize
the separation between classes and minimize the separation within classes [45].

Multidimensional Scaling

Multidimensional Scaling (MDS) is a multivariate analysis method. It transforms a dissim-
ilarity matrix (described in Section 4.3.2, p. 45) into a lower-dimensional representation
whereby the relationships should be maintained. MDS is used for dimension reduction, visu-
alization etc. Mostly, the result of MDS is one-, two- or three-dimensional, because it allows
the plotting of the objects. More dimensions are possible and sometimes required for getting
a good fitting of the original data. Cox ET AL. [42], HANDL ET AL. [89] and GROENEN ET AL. [79]
give a good overview about MDS.

Given a nxXm matrix with m objects, the mxm dissimilarity matrix includes pairwise dissim-
ilarities between the objects. The MDS defines for each object a point in the reduced space,
which describes the dissimilarities of the objects very well. It is called the configuration.
The developed MDS techniques can be differentiated between metric or non-metric and inner
product (classical) or distance. The fundamental of metric MDS are ratio or interval data.
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The metric MDS uses the dissimilarities between the objects for the spatial arrangement of
the objects. The distances and the dissimilarities should be as similar as possible. Using the
non-metric MDS the proximities of objects are based on the scaled or ranked data. In this
case the monotonic relationship between the dissimilarities are represented. The distances
and the dissimilarities should have the same order.

The first MDS techniques were proposed from ToRGERSON ET AL. (1952 [215], (1958 [216])
and Gower ET AL. (1966 [75]). The theoretical results were originated in Schoenberg (1935),
Young and Householder (1938). It is a classical metric-based MDS. The techniques are
known under the name of Torgerson-Scaling, Torgerson-Gower-Scaling and Classical Multi-
dimensional Scaling. Another very famous technique is the Shepard-Kruskal-Scaling [141].
It is a non-metric distance-based MDS developed from SHeEPARD and KRUSKAL, two pioneers
of non-metric scaling. Sammon ET AL. [188] developed another non-metric distance-based
MDS technique known as non-linear mapping.

Given a m X m dissimilarity matrix A = (6;) with dissimilarities &y, the result of MDS is a
configuration of points, saved in a matrix X = (x;). A row x; includes the coordinates of an
object in the reduced space. The distances d;; between the points in X are saved in a distance
matrix D = (dy). By metric MDS d;; and 6; should agree as well as possible. Using the
non-metric MDS, dj should be ordered like ;.

Sometimes a transformation of the original data is needed [79], e.g. for ordinal MDS. There
are ratio, interval, ordinal or spline transformations for example. The transformed data are
called disparities d;. Now the configuration should represent the disparities as good as pos-
sible. E.g. by ordinal MDS the disparities have to satisfy di < dap, if 65 < Oap.

Distance Measures: There are a lot of possibilities for measuring the distance between two
points. In MDS the Euclidean distance, the City-Block-Metric and the Minowski-Metric are
often used. A list of distance measures is given in section 4.3.4 (p. 65).

Quality factor: The quality of a configuration can be measured in different ways. One possi-
bility is a Shepard-diagram. The Shepard-diagram allows the comparison between d; and
dj to evaluate the quality of the scaling. The dissimilarities will be plotted against the calcu-
lated distances.

Another quality factor is the STRESS value. It is a value between 0 and 1 which defines the
Badness of Fit. Different STRESS definitions exist. @; is a non-negative weight, but in most
cases the weight is not defined.

e STRESS = /> w;(6; — dij)? (Raw Stress, Kruskal [139] [140], least-squares MDS)
i<j MY\ry )

e STRESS = \/ZEJ wj(dy — dy)? (Raw Stress, Kruskal [139] [140])

S o(dy—dy)*

e STRESS = (Normalized raw Stress)

T Xy—dy)

e STRESSI = [ 222D g yokal [89])
Zi<jwijdy'
" o(dy—dy)?

e STRESS2 = |22~ (Kruskal)

2ity oy(dy—d)?

e STRESS = g X1, 2% (Sammon [188])
i<j O

i<j ~ &
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A small STRESS value refers to a good configuration. Experience with the STRESS values
are given from Kruskal (Table 4.17). A very small STRESS value is an indication for the fact
that the objects collect in the center of the coordinate system.

Beside STRESS, the RSQ (R?) measure is another quality factor [175]. A value near one
indicates a good configuration (R? > 0.9 is acceptable).

STRESS1 STRESS2
poor 0.2 0.4
fair 0.1 0.2
good 0.05 0.1
excellent 0.025 0.05
perfect 0 0

Table 4.17.: Kruskal STRESS experiences

Dimensions: The number of dimensions have to be defined dependent on the original data.
Using Classical Multidimensional Scaling it is possible to define the number of dimensions
dependent on the size of the eigenvalues, like the PCA technique (described in Section 4.3.3,
p. 52).

In general, a plot of the minimal STRESS value and the number of dimensions is possible to
read off a good number of dimensions. Another possibility to define the number of dimen-
sions is the use of the data reduction coeflicient which is defined by the number of similarities
divided by the number of coordinates.

Metric MDS: The Classical Multidimensional Scaling is explained as an example of metric
MDS. Given a m X m dissimilarity matrix A = (6y), the following steps have to be executed
[89] [42]:

1. Define m X m matrix A = (ay) as follow:
a; = —0.56; (4.39)
2. Create inner product matrix B = (by)
bj=aj—a;-a;+a. (4.40)
3. Spectral decomposition of matrix B
B = OADT (4.41)

4. Define MDS configuration Xj
Create a k-dimensional matrix X, whereby A includes the k greatest eigenvalues and
@y the corresponding eigenvectors. The eigenvalues have to be unit, i.e. their lengths
are one. The matrix is the MDS configuration including the points as row vectors.

1
Xpe = DA2 (4.42)

5. Calculate the quality factor
Calculate the distance matrix D = (dy) of the new data points and evaluate the quality
of the scaling with the Shepard-diagram.
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Non-metric MDS: Now a short overview about non-metric distance MDS is given. For ex-
ample the Shepard-Kruskal-Scaling algorithm is more complex and included more steps. The
general steps are [175]:

1. Configurations
Define the number of dimensions and a distance measure for D.

2. Initializations
Define an initial configuration X. Random or a metric MDS configuration for example.

3. Disparity calculation (dy)
Transform the original data, e.g. that 6; < 6q, = dyj < dap [157].

4. STRESS value calculation
The STRESS value describes the difference between the disparities and the distances.

5. Termination
If the STRESS value is small enough or didn’t changed very much, the final MDS
configuration will be found. The algorithm is terminated.

6. Configuration adaptation (X)
Adjust the points X; of the objects based on the differences between the disparities and
MDS-distances. This enhances the quality factor.

7. Continue with step 3

Example: Examples for metric MDS and non-metric MDS are given in Figure 4.9 and 4.10.
The clustering based on the data in Table 4.16 (p. 49). For metric MDS the cmdscale method
and for non-metric MDS the method sammon from the statistic tool R® are used.
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Figure 4.9.: Metric MDS Figure 4.10.: Non-metric MDS
2D-plot 2D-plot
(R: cmdscale) (sammon, R)

Similar Methods: The non-linear mapping from Sammon ET AL. [188] is improved by De-
MARTINES ET AL. With the Curvilinear Component Analysis (CCA) [51].

®http://www.r-project.org/
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Isometric Feature Mapping

Isometric Feature Mapping (ISOMAP) is a non-linear method for dimension reduction which
uses isometric mapping, developed from TENEBAUM ET AL. [211]. The algorithm extends met-
ric MDS (described in Section 4.3.3, p. 57) concerning the definition of the dissimilarity ma-
trix (described in Section 4.3.2, p. 45). ISOMAP uses a non-linear distance method instead
of a linear distance measure (described in Section 4.3.4, p. 65). The base of the non-linear
measure is a weighted graph generated by the neighborhoods of each data point. The nodes
of the graph are the data points. The geodesic distance of two points is defined by the shortest
path between two nodes. The problem is the determination of the neighborhood size, because
there are no approaches to find a good value.

Before the algorithm will be executed, the value of k or € and the number of new dimension
d have to be defined. Given a n X m matrix A = (ay) at which each column represents an
object (data) and the rows are the data points, the following steps have to be executed [211]:

1. Construct neighborhood graph G
Calculate the distances da(i,j) (e.g. the euclidean distance) between all pairs of objects
(data points) a; and a ;. In the neighborhood graph the k nearest neighbors or all points
within a certain radius € are connected directly to a point. The edge weight is da(i, j).

2. Calculate the geodesic distance matrix Dg = (dy)
The values dj of the geodesic distance matrix Dg are the distances dg(i, j) between all
pairs of nodes. A distance between two nodes (data points) is the shortest path between
them. Since the graph is weighted, the sum of the edge weights defines the distance
value. The algorithms of Floyd’s or Djkastra’s can be used for the computation.

3. Apply Classical MDS
Calculates a d-dimensional representation with metric MDS for the distance matrix Dg
using eigenvalues and eigenvectors (see section 4.3.3, p. 55).

The article from BALASUBRAMANIAN ET AL. [9] analyses the algorithm and detects that ISOMAP
is topologically unstable and require an excellent preprocessing of the data. Furthermore the
definition of the neighborhood size have to be good. A too small value lead to a too sparse
matrix and if the value is too large, short-circuit edges will be introduced.
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Figure 4.11.: Isometric feature mapping 2D-plot (R:
isomap)
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Example: An example is given in Figure 4.11. The clustering based on the data in Table 4.16
(p- 49). It based on the isomap method from the statistic tool R7.

Similar Methods: A similar method to ISOMAP is given by the Curvilinear Distance Anal-
ysis (CDA) [146]. ISOMAP is based on metric MDS, whereas CDA is based on non-metric
MDS (Sammon’s non-linear mapping [188]) and the Curvilinear Component Analysis.
Rowers et aL. [181] developed a method, called Local Linear Embedding (LLE), for di-
mension reduction by discovering non-linear structures in a data set. The structures are trans-
formed into a lower dimensional space. It is a local approach, because only the neighbors of
a data point are used for the computation of the approximated data point. Just like PCA, LLE
do not involve local minima in its optimizations.

Special Methods for Text Analysis

A lot of analysis approaches for text documents uses the standard dimension reduction meth-
ods. But there are dimension reduction methods developed for text analysis as well. One of
the simplest dimension reduction approach for text data is the detection and selection of the
keywords. Afterwards only the keywords will be used for further analysis. Another feature
selection method is Document Frequency Thresholding (DF Thresholding) [234]. First the
number of documents in which a term occur will be calculated. Then terms whose document
frequency is greater than a defined threshold will be selected. The Term Strength (TS) [223]
[233] [235] is a method for vocabulary reduction. It defines the importance of a term based
on how likely it occurs in closely related documents. Similar feature selection methods are
Mean TFIDF [210] and Term Frequency Variance (TfV) [210]. Another possibility is the
definition of a threshold which is applied on the actual term weight. Terms whose weight is
smaller than the threshold will be deleted. The definition of a threshold value depends on the
selected term weighting. The method is called Term Weight Thresholding (TW Threshold-
ing).

JeoN ET AL. [115] represents a method which apply orthogonal transformation on centroids,
called CentroidQR. The method based on the vector subspace computation.

A combination of dimension reduction, clustering and visualization is given by Self- Orga-
nizing Maps (SOM) from KoHoNEN ET AL. [133]. By this non-linear method the data will be
plotted in a one or two dimensional space, whereby similar data are grouped and represented
by a color. The method uses other dimension reduction methods. An alternative to SOM is
Generative Topographic Map (GTM) from BisHop ET aL. [22]. This method is non-linear
as well.

Evaluation for Text Analysis

Dimension reduction improves clustering and classification - this insight can be found in
nearly all regarded evaluations. Table 4.18 summarizes the results of the evaluations.

YANG ET AL. [234] compared the following feature selection methods using text categoriza-
tion: Document Frequency Thresholding (DF) [234], Information Gain (IG) [179], Mutual
Information (MI) [173], CHI-Square test [76] and Term Strength (TS) [223] [233] [235].
Two data sets and the classifier k-Nearest Neighbor and Linear Least Squares Fit mapping

Thttp://www.r-project.org/

60



4.3. Text Analysis Methods

were used. To measure the effectiveness of the methods the standard recall and precision
were used. 1G and the CHI-Square test are the most effective feature selection methods. The
performance of DF is similar. There are a strong relation between the term values of IG,
CHI-Square test and DF. The performance of the other techniques are poor.

An evaluation of Independent Component Analysis (ICA), Latent Semantic Indexing (LSI),
Document Frequency Thresholding (DF) [234], Random Projection (RP) [125] [121] is given
by TanG ET AL. [209]. DF is the only feature selection approach by the measures. Five bench-
mark data sets were used. The dimensionally reduced data sets were clustered using k-means.
The quality of the clusters was measured by a modified Purity [241] version. Based on the re-
sults the following ranking of the techniques can be derivated: ICA>LSI>DF>RP. ICA and
LSI have the best overall performance, while RP consistently have the worst performance.
In another work from TanG ET AL. [210] three feature transformation techniques (Indepen-
dent Component Analysis (ICA), Latent Semantic Indexing (LSI), Random Projection (RP)
[125]) and three feature selection techniques (Document Frequency Thresholding (DF) [234],
mean TFIDF [210] and Term Frequency Variance (TfV) [210]) for document clustering are
evaluated. Based on three data sets the methods were compared with the k-means clustering
algorithm. A modified Purity measure [241] was used for defining the quality of the clus-
ters. Like the further analysis, ICA and LSI have a better performance than RP. Using text
clustering, mean TFIDF and TfV are superior than DF. A comparison of feature selection
and transformation methods offer, that the best results of mean TFIDF and TfV are similar to
ICA and LSI, but they need much more dimensions. A combination of feature selection and
feature transformation methods improves the dimension reduction again. Combining ICA
with mean TFIDF or TfV compared to ICA and LSI reduces the computational cost while the
clustering performance is preserved.

Paper Methods Result
YANG ET AL. [234] DF, IG, M1, IG, CHI-Square, DF
CHI-Square test, TS > MI, TS
TANG ET AL. [209] ICA, LSI, DEF, RP ICA > LSI > DF > RP
TANG ET AL. [210] ICA, LSI, RP, DF, ICA-+mean TFIDF, ICA+TfV
mean TFIDF, TfV > ICA, LSI, mean TFIDF, TfV
> RP, DF
UNpERHILL ET AL. [218] PCA, MDS, ISOMAP, MDS, ISOMAP
LLE, LDM > PCA, LLE, LDM
HuanG ET AL. [106] PCA, MDS, SOM MDS
> PCA, SOM

Table 4.18.: Evaluation of dimension reduction methods

UNDERHILL ET AL. [218] compared Principal Component Analysis (PCA), Multidimensional
Scaling (MDS), Isometric Feature Mapping (ISOMAP), Local Linear Embedding (LLE) and
Lafon’s Diffusion Maps (LDM) for text classification using the kNN classifier (k-Nearest
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Neighbor Classifier) and Linear Classifier. Three data sets (Science News, Science & Tech-
nology, Google News) are used. Dimension reduction improves classification in most of the
tests. The results of PCA depends on the data set. By the Science & Technology data set,
the results of PCA are poor. But the results of the other data sets are very well. MDS and
ISOMAP have the best performance. Also by a small number of dimensions, they achieve
very good results. The advantage of MDS compared to the other techniques, which are mostly
newer and more complex, was surprising. Because text documents have linear properties, the
non-linear techniques have no advantage concerning MDS or ISOMAP. In summary, the mea-
sures show that the best dimension reduction technique depends on the underlying data set
and non-linear techniques are not suitable for dimension reduction of text data sets.

Huang ET AL. [106] compared different dimension reduction methods for text visualization.
Dimension reduction was used for transforming the data set into a two-dimensional space.
The methods Principal Component Analysis (PCA), Multidimensional Scaling (MDS), Self-
Organizing Maps (SOM) and similarity-based dimension clustering were used. Like the eval-
uation before, MDS generates good transformations also by eliminating many dimensions.
PCA needs three to five dimensions (components) for a good classification and visualization
of the text documents. SOM has a discretization problem. Sometimes the problem can be
solved, however the computation time can become unacceptable.
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4.3.4. Clustering

Clustering is a technique which sort N objects (e.g. documents) into M groups, called clus-
ters, in which similar objects are in one group. There is a high similarity between objects
of the same group (homogeneity within the cluster) and a low similarity between objects of
different groups (heterogeneity between the clusters) [7]. By many clustering techniques M
is unknown at the beginning. The following descriptions are based on the publications [68],
[65] and [98].

The resulting clusters can be disjunct or overlapping. Using disjunct clustering each object
will be assigned to one cluster. With overlap clustering each object can be assigned to more
than one cluster.

The clustering methods can be differentiated into hierarchical, fuzzy, center-based, search-
based, graph-based, grid-based, density-based, model-based and subspace. The classification
is derived from GaN ET AL. [68]. Some example methods are given in Figure 4.19. Most of
the methods are described in GaN ET AL. [68]. There are methods which belong to more than
one field.

Hierarchical Clustering: This clustering technique creates a hierarchy of clusters, that can
be represented in a tree diagram, called dendrogram. Each leaf of the dendrogram represents
one object. The nodes are clusters and the root is the cluster including all objects. For the
creation of the hierarchy two possibilities exist. Bottom-up clustering is an agglomerative
approach. Initial, each object forms a cluster. By each step two clusters are summarized. A
divisive (partition) approach is the top-town clustering. Initially, there are one cluster. By
each step the clusters is divided.

Fuzzy Clustering: Fuzzy clustering affords overlap clustering. Each data point is associated
with every cluster using a membership function. The approach based on the fuzzy sets con-
cept from ZADEH ET AL. [238].

Center-based Clustering: By this algorithms each cluster is represented by a center. Center-
based clustering uses objective functions. The goal is to minimize these functions. The al-
gorithms are appropriate for clustering large and high-dimensional data sets (GAN ET AL. [68]).

Search-based Clustering: Many clustering algorithms find a local optimal solution. Search-
based clustering algorithms explore the solution space and find a globally optimal solution.

Graph-based Clustering: Graph-based clustering apply clustering on a graph to partition
them. Thus the data set has to be transformed to a graph before.

Grid-based Clustering: Grid-based clustering algorithms work with the value space of the
data objects and not with the data objects like other clustering algorithms. By this approach
a grid structure will be created and used for the clustering. Because of the low computational
complexity the grid-based clustering algorithms can be used for large data sets.

Density-based Clustering: Density-based clustering uses connectivity and density functions
for clustering. The resulting clusters are dense areas separated by low-density areas. At the
start of the algorithm the number of clusters are not required. Like grid-based clustering the
algorithms has a low computational complexity. Thus they can be used for large data sets.
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Hierarchical
SLINK (197], Group Average [112],
Centroid [112], Median [112], Ward [222],
AGNES [127], BIRCH [240], CURE |20},
DIANA [127], WBSC | 143

Search-based
Tabu Search [72] 73], Variable
Neighborhood Search (91}, j-means
1901, GKA [137], SARS [105]

Graph-based
Chameleon [124], CACTUS |69, ROCK
1811, STC [239]

Density-based
DBSCAN |59}, BRIDGE [47],
DBCLASD [232], DENCLUE |99

Fuzzy
Fuzzy k-means |15], Fuzzy k-modes
1107], Fuzzy c-means [19] [23],
Gath-Geva |70], Gustafson-Kessel [52]

Center-based
k-means [153], PAM [127], k-modes [109]
[108], bisecting k-means [147] [204],
spherical k-means 55|, Buckshot [46],
Fractionation |46]

Grid-based
STING (221}, OptiGrid [100],
GRIDCLUS [191], GDILC [242],
WaveCluster 195]

Model-based
COOLCAT |12}, STUCCO |15],
AutoClass [33] [34]

Subspace
CLIQUE (4], ENCLUS [35], MAFIA
(1701, DOC [178]

Table 4.19.: Classification of clustering techniques

Model-based Clustering: Model-based clustering uses models for clustering and tries to find
the best fit between the data set and the models. Possible models are the Gaussian models or
the Hidden Markov models. Using mixture likelihood models, the Expectation-Maximization
(EM) algorithm is mostly used for finding the maximum likelihood estimation. The result are
the parameters of a finite mixture probability density. The Bayesian Information Criterion
(BIC) can be used for determining the final model, whereas the best model is the model with

the highest BIC.
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Subspace Clustering: Subspace clustering will be used for an effective and efficient cluster-
ing of high-dimensional data sets without using of dimension reduction techniques. However
the clusters are embedded in subspaces of the data set. The subspaces have their own dimen-
sions. Compared to clustering with dimension reduction no information will be lost.

Clustering allows the summarization of similar documents or terms. In information retrieval,
clustering is be applied for improving the efficiency and effectiveness. Text Mining uses clus-
tering for finding similar documents or terms, the identification of different topic areas, etc.

Distance and Similarity Measures

A lot of clustering techniques use a distance or similarity measure. A similarity matrix in-
cludes the similarities between the objects. The definition of a similarity measure depends on
the structure of the data set and on the analysis problem. It is possible to group documents
with the same length or the same content, semantically similar terms, terms of the same part
of speech, etc.

The similarity of two documents, two words or a document and a query is the similarity of
two vectors. The calculation of the similarity of an object and a cluster is possible as well.
There are a lot of distance and similarity measures. Following, the measures are explained
by two vectors U = vy, ..., vy and = wy, ..., wy of the length n.

First the distance measures dist(D, D) are described. The smallest value corresponds to the
most similar vector pair.

Manhattan distance: dist(D, ) = Y11, v — wy
(City-Block-Metric)

Euclidean distance: dist(D, ) = /2Ly vy — wif?

1
Minkowski distance: distP(D, ) = (XL, [v; — wy|P)»
Canberra distance: dist?(D, ) = }1L4 lgiﬁl

The Minkowski distance is a generalization of the Manhattan and Euclidean distance. If
p = 1, the Manhattan distance is given. The Euclidean distance will be defined, if p = 2.
Similarity measures sim(D, t0) describes the similarity between two vectors U and . The
greatest value corresponds to the most similar vector pair.

Simple-Matching coeffcient: sim(D, ) = )L, Ui - Wy
Binary: | X Y]
1 1 . = Zinzl Ui Wi
Cosine coefficient: Sim(D, D) = ——=E
Ly vt X, w?
Binary: X0YL
Y XY
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Dice coefficient: sim(D, i) = %
Binary: ZIL)((IQQT l
Jaccard coefficient: sim(D, ) = s +ZZ£: ! ZEE?:] o
(Tanimoto)
Binary: [t{1¥1 = v
Overlap coeflicient: sim(D, ) = %
Binary: %

HaeNELT ET AL. [84] introduces important similarity measures for document clustering and
they analyze their behavior. Applying the Euclidean distance on normalized vectors, the re-
sultant ranking is the same like the Cosine coefficient. The Cosine coefficient for normalized
vectors is equal to the Simple-Matching coefficient. Using the Simple-Matching coeflicient
the results are not normalized. If the number of non-zero values is very different, the Cosine
coeflicient will be have higher values than the Dice coefficient. By a small number of com-
mon values, the Jaccard coefficient is smaller than the Dice coefficient. Using the Overlap
coefficient the result will be 1.0, if each value of the first vector is greater than the value of
the second value or in reverse.

A distance measure can be converted to a similarity measures [98] [24]. The variable m
defines the greatest distance value.

1

Sim(s, ) = 1 - @ (4.44)

The result of a similarity measure can be converted to a distance measure as well [24]. If
0 < sim(D, ) < 1, the following transformations are existed. Otherwise the 1 can be
replaced by the maximum value.

dist(v, ) = 1 — sim(D, i) (4.45)
dist(D, D) = /1 — sim(D. ) (4.46)
dist(v, i) = —log(sim(D, D)) (4.47)

(4.48)

ANDERBERG ET AL. [7] [65] and CHa ET AL. [32] represent a variety of distance and similarity
measures. A discussion about the most suitable measures for documents is given by SArToN
ET AL. [186] [65]. WILLETT ET AL. [225] tests some similarity coefficients and show that the
measure should be normalized by the length of the document vectors [65]. For document
clustering the Dice, Jaccard and Cosine coeflicients are often used, because these similarity
measures are simple and normalized. For query matching, the Cosine coefficients is one of
the most common similarity measure [16]. The Overlap coefficient is not suitable for the
comparison of documents.
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Hierarchical Clustering

For Hierarchical Clustering a similarity measure have to be chosen, e.g. the Euclidean dis-
tance or the Cosine coefficient (see Section 4.3.4, p. 65). Furthermore a method for the
determination of the similarity of two clusters C; and C, are needed. |C| defines the number
of objects in a cluster. The following methods exists:

Single-linkage: simc(Cy, Co) = maxec, yec, (SiM(x, y))
The similarity between two clusters is the similarity between the most similar objects.

Complete-linkage: simc(Cy, C2) = Minyec, yec, (Sim(x, y))
The similarity between two clusters is the similarity between the most dissimilar ob-
jects.

Group Average (UPGMA): simc(Cy, Cy) = m D xecbyecz(sim(x, Y))
The similarity between two clusters is the average similarity between the objects.

Centroid
The similarity between two clusters is the similarity between the centroids of the clus-
ters. The centroid vector ¢ of a corpus D with the documents d is calculated by

_ 1
c= ﬁZdeDd-

Median
The similarity between two clusters is the similarity between the medians of the clus-
ters.

Minimum variance (Ward)

This method based on the sum of squares between each cluster pair, summed over all
objects. The goal is the merging of clusters in order to minimize the sum of squares
within clusters. The error sum of squares is the total sum of squared distances of all
points from the mean. For measuring the similarity the squared Euclidean distance is
used.

In the following, the algorithm for bottom-up clustering is explained. The algorithm for top-
town clustering is reversed. It starts with all objects in one cluster and at each step a cluster
will be split. The algorithm ends, if each object represents one cluster.

1.

Initializations
Creation of initial clusters, each object represents one cluster.

. Similarity calculations

Compute the similarity between each cluster based on the chosen similarity measure
(see Section 4.3.4, p. 65) and method (single-linkage, complete-linkage, etc.).

Cluster merging
Merging of clusters with the highest similarity.

. Termination

If only one cluster exists, the algorithm is terminated. Based on the computed dendro-
gram the clusters can be extracted.

. Continue with step 2.
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The number of clusters haven’t be defined at the beginning of the clustering. Additionally to
the clusters, a hierarchical order of the clusters will be found. The algorithms are very com-
plex, because they have high space and time requirements. Good algorithms have a minimal
complexity of O(N?) (N objects). Furthermore not all technologies are stable against noise.

Example: An example of group average hierarchical clustering is given in Figure 4.12. The
data of the clustering can be found in Table 4.16 (p. 49). It based on the agnes method
from the statistic tool R®. The distance measure is the Manhattan distance. Initially, each
chapter corresponds to one cluster. In the first step, the chapter 9 and 10 are summed up to
one cluster. The next step merges the chapters 8 and 11 to one cluster. Now there are three
clusters: (ch7), (ch8, ch11) and (ch9, ch10). In the next step, the cluster including the chapter
7 and the cluster including the chapters 8 and 11 are merged. The final step sums up the
clusters (ch7, ch8, ch11) and (ch9, ch10) to one cluster.

ch? EE]u |__|

cehd  chlD

Figure 4.12.: Example: hierarchical agglomerative clustering
(R: agnes, UPGMA, Manhattan distance)

Center-based Clustering using K-means

The k-means clustering algorithm, developed from MacQUEEN ET AL. [153], is one of the most
used clustering algorithm. It is center-based clustering, because each cluster are represented
by a centroid. The centroid is a virtual object with a minimal distance to all objects (e.g.
documents) of the cluster. The number of resulting clusters are defined at the start of the
algorithm.

The k-means algorithm is efficient, because the computational complexity is linear. It de-
pends on the size of the data set. The performance and quality of the result depends on the
initialization phase. The algorithm starts with a randomly definition of intial clusters. Depend
on the initial definition, a clustering solution will be searched. Mostly, a local optimum can
be found.

Given a data set D with document vectors d. The algorithm work as follow [68]:

1. Configurations
Definition of the number of clusters k and selection of a distance measure dist.

2. Initializations
Randomly definition of the initial clusters C = Cy, ..., Ck.

3. Centroid computation
Calculation of the centroid ¢; of each cluster C;: ¢; = ﬁ 2dec, d.

8http://www.r-project.org/
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4. Distance computation
Compute the distance dist(d;, ¢;) between each document vector d; and each centroid
¢; (see Section 4.3.4, p. 65).

5. Cluster adaption
Move each document d; to the cluster with the highest centroid similarity:
min(Zf=1 dist(d;, ¢;)).

6. Termination
If no document was moved or the error function E does not change significantly, the
algorithm is terminated.

E= )" dist(dc) (4.49)
7. Continue with step 3.

Example: An example of k-means clustering is given in Table 4.20. The clustering based on
the data in Table 4.16 (p. 49). The algorithm was executed using the method pam from the
statistic tool R°. The distance measure is the Manhattan distance.

Cluster Chapters
1 ch7, ch8, chl1
2 ch9, ch10

Table 4.20.: Example: k-means
(R: pam, Manhattan distance)

Similar Methods: There are a lot of extensions of k-means, like fuzzy k-means [18], Buck-
shot [46], bisecting k-means [147] [204] or spherical k-means [55]. Spherical k-means is an
algorithm for document clustering based on a similarity measure. A more robust version of
k-means is given by KAUFMAN ET AL. [127], called PAM.

Bisecting k-means is a combination of divisive hierarchical clustering and k-means. Initially
one cluster exists. At each step, a cluster will be split into two subclusters using k-means.
Thereby k-means will be executed n times and the best result will be used.

Graph-based Clustering using Chinese Whispers

Graph-based Clustering is based on the (Weighted) Graph Partitioning problem. Given a
Graph G = (V, E) with vertexes V and weighted edges E, the goal is to find a set of edges
whose removal partitions the graph into subgraphs [205]. The set of edges have a minimum
sum of edge weights.

Chinese Whispers is a randomized graph-clustering algorithm. The algorithm considered the
neighbors of each node. Compared to other clustering algorithm no distance metric is used.

‘http://www.r-project.org/
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The similarity between two objects is represented by an edge between the corresponding
nodes. The strength of the similarity can be represented by an edge weight.

The clustering algorithm is time-linear O(k) corresponding to the number of edges k. If there
are edges between all nodes, the algorithm has a quadratic time complexity O(k) = O(n?)
while n is the number nodes.

Given a weighted Graph G = (V, E) with vertexes (v;) € V and weighted edges (v;, v}, wy) €
E. The method class(v;) returns the class (cluster number) of the node v;. The algorithm
work as follow [20]:

1. Initializations
Definition of the initial classes, all nodes get different classes: Yuv;inV : class(v;) = i.

2. Class (Cluster) adaption
Determine for each node the strongest class in the local neighborhood. This is the class
with the greatest sum of edge weights to the current node:
Yu;inV : class(v;) = highest ranked class in neighborhood of v;

3. Termination
If no node was moved to another class, the algorithm will be terminated.

4. Continue with step 2.

There are different approaches for the definition of the highest rank class in the neighborhood
of a node. Beside the definition of the sum of edge weights, also the degree can be used.

Example: An example is given in Figure 4.13. The clustering based on the data in Table
4.16 (p. 49). The graph clustering was executed with the Chinese Whispers tool'?. The edge
weights are calculated with the cosine similarity (see Section 4.3.4, p. 65).

Figure 4.13.: Example: Chinese whispers
(Cosine similarity)

1Ohttp://wortschatz.informatik.uni-leipzig.de/~cbiemann/software/CW.html
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Cluster Quality Measurement

The validity of clusters can be measured in different ways. There are external and internal
quality measures.

External Quality Measures: External quality measures use external criteria for the cluster
evaluation, e.g. a user-based reference clustering.

Examples are Precision, Recall and the F-measure, which are described in [143]. |Cy is
the number of documents in the cluster C; and |X;| is the number of correct documents in the
cluster C;. |Y;| defines the number of all possible correct documents. This includes the correct
documents of the cluster C; and the documents which should be belonged to the cluster C;.
The range of the F-measure is between null and onw. By an optimal clustering solution, the
F-measure value is one.

Precision: P= %

1

. _ Xl
Recall: R = il
. _ 2PR
F-measure: F=55

Internal Quality Measures: The internal quality measure based on metrics [136]. The met-
rics are applied on the data set and the clustering result. Their calculations based solely on
the resulted clustering.

Classical cluster quality measures are Dunn Index [203], Davies Bouldin Index [203] and SD
Validity Index [87]. Further examples are given in [136], [87] and [203].

Given a set of clusters C = Cy, ..., Cp, each cluster C; has a cluster center ¢;. D is the set of
all documents. The following measures are needed for the definition of the internal quality
measures. Dy, defines the maximum distance between cluster centers and D,,;, defines the
minimum distance between cluster centers.

dist(C;, Cy) Cluster distance measure
Example: The distance between two clusters is the
distance between the centers of the clusters.

A(C)) Cluster diameter measure
Example: The distance between the most dissimilar
documents.

o(Cy) Cluster scatter measure

Example: The average distance of all documents in
the cluster C; to the cluster center c;.

ig—= Dmax , __ 1 i
Dis = pr ST ST e Total separation between clusters
_ 1vyn ool :
Scatt = 3 221 T Average scattering for clusters
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10) Weighting factor (for example the number of clus-
ters)

Now the quality measures can be defined. Since the terms of the SD Validity Index have
a different range, a weighting factor w is needed. A high SD Validity Index indicates a
good clustering, whereas a low Dunn Index or a low Davies Bouldin Index point to that the
clustering is well.

Dunn Index: D = Minig(dis(C.G))

MaXicje<n(A(Cr))
. . A(C)+A(C))
Davies Bouldin Index: DB = 1§ XLy max(~gic))
SD Validity Index: ® - Scatt + Dis

Special Methods for Text Analysis

Since text document clustering becomes ever more important, there are special clustering
techniques developed for document clustering.

CUTTING ET AL. [46] developed two partition-based clustering algorithm called Buckshot and
Fractionation. Buckshot selects a small random sample of documents and cluster them. Af-
terwards the rest of the documents can be assigned to the clusters. The complexity of the
algorithm is O(kn) while k is the number of clusters and n the number of documents. Frac-
tionation breaks the documents into buckets. Afterwards clustering on each bucket will be
applied. The clusters off all buckets are now treated as individual documents and the whole
process is repeated until k clusters will exist. The complexity is O(mn) while m is the num-
ber of documents in a buckets and n the number of all documents.

A Word-based Soft Clustering (WBSC) approach is given by LiN ET AL. [148]. Initially,
each word form a cluster including all documents that have that word. Using a hierarchical
agglomerative clustering and the Jaccard coefficient (see Section 4.3.4, p. 65), clusters with
similar sets of documents will be merged. With this approach additionally the words are clus-
tered. The result are cluster of words (the topics) containing a set of documents. In this work,
the algorithm are compared with k-means, Fractionation and Buckshot. 2000 web documents
and 2000 newsgroup documents are used. Since the complexity of the algorithm is linear to
the number of documents, it have the best execution times by the measures.

A method, called Spherical K-means, for document clustering based on k-means are given
by DHiLLoN ET AL. [55]. The resulting clusters of this algorithm are represented by a concept
vector. A concept vector is the centroid of the cluster. Compared to standard k-means a sim-
ilarity measure is used.

ZAMIR ET AL. [239] represents a clustering method, called Suffix Tree Clustering (STC). The
clustering are based on phrases shared between text document. DHILLON ET AL. [54] developed
a method which cluster simultaneously documents and their words.

Evaluation for Text Analysis

By the multiplicity of clustering algorithms not all are suitable for document or word clus-
tering. Depending on application and text corpus some clustering algorithms are better than

72



4.3. Text Analysis Methods

others. An overview about the clustering evaluations is given in table 4.21.

ZHAO ET AL. [243] evaluate some Hierarchical Clustering algorithms for text corpora. Six
divisive (partition) and nine agglomerative methods are compared. Additionally a new con-
strained agglomerative approach are tested. The F-measure and 12 different text corpora are
used for comparing the results. The experiments show that divide clustering approaches are
better suitable for text clustering than agglomerative approaches. The constrained agglomer-
ative algorithm outperform the agglomerative algorithms and in most cases they have better
results than the divide approach.

Paper Methods Result
ZHAO ET AL. [243] Divisive hierarchical Constrained
Agglomerative hierarchical > divisive

STEINBACH ET AL. [204]

Constrained agglomerative

Agglomerative hierarchical
K-means
Bisecting k-means

> agglomerative

Bisecting k-means
> k-means
> agglomerative

ZHONG ET AL. [244] Model-based (models: mBM, CLUTO, DA
mNM, vMF; strategies: hard, > vMF
stochastic, soft, DA) > BSC
Graph-based (CLUTO, BSC)

STREHL ET AL. [205] SOM, k-means Weighted GP
hyper GP, weighted GP > SOM, hyper GP

> k-means
STEINBACH ET AL. [204] PDDP, EM EM > PDDP

Table 4.21.: Evaluation of clustering methods

Another comparison of document clustering techniques is given by STEINBACH ET AL. [204].
The two main approaches of text clustering are compared: agglomerative hierarchical cluster-
ing and k-means (standard k-means [153] and bisecting k-means [147]). Basically, the cluster
quality of agglomerative hierarchical clustering is higher, but the algorithms has a quadratic
time complexity. Using k-means, the cluster quality is not so well, but the time complexity
is linear. Therefore both approaches are combined. Internal (overall similarity) and external
quality measures (entropy [194], F-measure [143]) are used for comparing the results. The
result of the measures show that standard k-means generates better clusters than hierarchical
clustering. In this paper, bisecting k-means is the best clustering technique. The produced
clusters are better than the clusters from k-means and as good or better than the clusters from
the agglomerative hierarchical approach.

ZHONG ET AL. [244] compares some model-based clustering techniques. Model-based clus-
tering is another possibility for a more efficient clustering than the hierarchical agglomera-
tive clustering. The experiments based on three probabilistic models (multivariate Bernoulli
model (mBM) [159], multinomial model (mNM) [202], von Mises-Fisher model (vMF)
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[155]) in conjunction with four data assignment strategies (hard, stochastic, soft, determinis-
tic annealing (DA)). Additionally the model-based approaches are compared with two graph-
based approaches (CLUTO [123], bipartite spectral co-clustering method (BSC) [54]). All
twelve algorithms are tested with and without previous feature selection. 20 newsgroups and
several data sets from CLUTO [123] are used for the evaluation. In the experiments CLUTO
and DA have the best performance but they have the highest computational costs. The vMF
model has good performance and is not computationally expensive. In most cases the vMF
model is better than the bipartite spectral co-clustering method. MEeiLa ET AL. [162] published
another study of model-based clustering methods. Here the EM algorithm are the best.
STREHL ET AL. [205] compare similarity measures (Euclidean, Cosine, Pearson correlation,
extended Jaccard) in combination with different clustering methods (random, self-organized
feature maps (SOM), hyper-graph partitioning (hyper GP), generalized k-means, weighted
graph partitioning (weighted GP)). The data base are web documents (industry web-pages,
news web-pages). Cosine and extended Jaccard have the best measure, whereas Euclidean
performs poorest. The weighted graph partitioning method performs better than the other
clustering algorithms. Gaussian-based methods, e.g. k-means, have a very poor performance
[205].

A comparison between the Principal Direction Divisive Partitioning (PDDP) [25] and the EM
algorithm [52] is given by HE ET AL. [94]. The results of the EM algorithm are the best, be-
cause the similarity measure of the Principal Direction Divisive Partitioning does not use the
distance. Documents will be similar, if the distance between the documents are small.
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4.3.5. Further Analysis Methods

Beside clustering and dimension reduction, further text analysis methods exist. Well-known
analysis methods are described in this section. Since the methods are not used in this work,
only a short introduction is given.

Indexing/Keyword Extraction

Is the automatic extraction/detection of keywords in text. There are linguistic and statistic ap-
proaches. A keyword extraction algorithm can be corpus-based or document-based. Corpus-
based algorithms extract keywords based on a corpus (document collection), like KEA [228]
or Differential Analysis [98]. Document-based approaches only need the document for the
extraction of keywords. Examples are the Repeated-String-Patterns (RSP) [217], B&C [13]
or Cooccurrence [158]. An overview about the techniques is also given in [130].

Visualization

The visualization of words or documents and their dependencies is another very important
field of activity. There are a lot of possibilities to visualize data sets based on text, e.g. the
visualization in a diagram (see section 4.3.3) or a graph. One example is the Crossmapping
technique [166]. It visualizes relations in a kind of diagram. For example, terms are plotted
on the x axis and documents are plotted on the y axis. A point in the diagram visualizes the
number of times a term occur in the document. Another example is the Word Cloud visual-
ization. It based on the the tag cloud visualization. A tag cloud represents the most popular
tags [93]. The importance of a tag is visualized by the font size or the font color. This concept
can be applied on text as well. Using texts, the important terms (keywords) can be visualized.
After defining the keywords and their importance, a layout algorithm visualizes them. An
example is given in Figure 4.14.
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Figure 4.14.: Word cloud example

75



4. Text Mining - Fundamentals, Methods and Applications

Classification

Classification is a technology for grouping objects into categories. Compared to clustering
the categories are defined at the beginning.

Text Summarization

WITTE ET AL. [226] describes text summarization as a method for shortening text without re-
ducing the information content. Another definition is given by LunN ET AL. [152]. He defines
text summarization as the creation of a summary of a text that satisfy the user requirements.

Significant Co-occurrences

Is the detection of semantic relations in text. Significant co-occurrences are terms that arise
very often together. Statistical fundamentals are used here [98].
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4.4. Research Fields and Applications
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Figure 4.15.: Text analysis: research fields and applications

In the following section, the research fields with their definitions and developed methods are
presented. Some applications of each discipline are listed additionally. Figure 4.15 visualizes
the research fields and applications. This section allows a dissociation from text mining to
the adjacent research fields. Like described in Section 4.1 (p. 23) the differentiation of text
analysis research fields is difficult. In this work they are differentiated by their goals (see
Figure 4.15). This section describes the research fields detailed and dissociates them from
each other.

4.4.1. Information Extraction

Abbreviation: 1E
Synonyms: Entity Extraction

Method Examples Application Examples

e Entity Extraction e Analyse newspaper articles for finding
o Relation Extraction and summarizing instances of business
e Coreference Resolution joint ventures [167]

e Support underwriters in analysing life
insurance applications [71]

e Information Extraction for the Global
Legal Information Network [103]
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This research field is mainly influenced by the Message Understanding Conference (MUC)
[36] [78] and the Automatic Content Extraction (ACE) Evaluation'! [1]. Information extrac-
tion is interested in the structure of text, whereas one could say that, from an IR point of view,
texts are just bags of unordered words [224]. It refers to the automatic extraction of struc-
tured information such as entities, relationships between entities, and attributes describing
entities from unstructured sources [190] [165]. For example the summarization of medical
patient records by extracting diagnoses, symptoms, physical findings, test results, and ther-
apeutic treatments in order to assist health care providers or support insurance processing
[200]. KaurmaN ET AL. [167] describes a method for monitoring technical articles describing
microelectronic chip fabrication in order to capture information on chip sales, manufacturing
advances, and the development or the use of chip processing technologies.

The publications Relational learning techniques for natural language information extraction
[30] and Empirical methods in information extraction [31] give a very good introduction
to information extraction. The article Information Extraction [190] describes the extraction
task, the techniques used for extraction, the variety of input resources exploited, and the type
of output produced. It includes rule-based and statistical methods for entity and relationship
extraction.

4 Apr Dallas - Early last
evening, a tornado swept
through an area northwest
of Dallas, causing
extensive damage...

Early last evening adverbial phrase:time
a tornado noun group/subject
swept verb group

through an area prep phrase:location

Early/adv # last/adj #

evening/noun/time # a/det
# tornado/noun/weather #
swept/verb through/prep ...

e
Analysis

and Tagging

T

it
Generation

Synonym

t evening, a Phrase Extracted information
Event: tornado tornado Swept [’hr’ough an tornado swept Event: tornado
Date: 4/3/97 “thwest of Dallas. tornado swept through an area  Location: "area"
Time: 19:15 area northwest of Dallas Location: "northwest of Dallas"

Witnesses-eenfirmed . .
that th. causing extensive damage Damage

Figure 4.16.: Information extraction process,
Empirical methods in information extraction [31]

Thttp://www.itl.nist.gov/iad/mig/tests/ace/

78



4.4. Research Fields and Applications

4.4.2. Information Retrieval

Abbreviation: IR
Synonyms: Text Retrieval, Document Retrieval, Information Access

Method Examples Application Examples

e String searching/matching e Web search engines

e Stop word removal e Search engines for books,

e Ranking journals etc.

e Boolean retrieval e Search engines for messages-,
e Probabilistic retrieval mail-, news-, blog-archives

e Predicate-logical models e Search engines for documents
e Relevance feedback e Topic detection and tracking

e Index construction

e Term weighting

e Vector space model
e Distance measures

e Dimension reduction

Early definitions are very general, for example from Sarron T AL. [185]: “Information re-
trieval is a field concerned with the structure, analysis, organization, storage, searching, and
retrieval of information”. Automated information retrieval systems were originally developed
for managing the huge scientific literature that has been developed since the 1940s [65]. In
this paper, information retrieval is defined as follows: ”The goal of information access is to
help users find documents that satisfy their information needs.” [8]. The information retrieval
process is presented in Figure 4.17.

The books Introduction to Information Retrieval [154] and Understanding Search Engines:
Mathematical Modelling and Text Retrieval [16] introduces methods of information retrieval
and represents some software tools. An overview about the data structures and algorithms for
building an information retrieval system is given in Information Retrieval: Data Structures
& Algorithms [65].

Methods:
- Parsing
- Stemming

Methods:

- Tokenization

- Stop word removal
- Stemming
- Term weighting

. —_— Preparatlon —_— @ / 'nl
Documents Document User
Database Selection

Methods:
- Boolean operations
- Ranking

Figure 4.17.: Information retrieval process,
Information Retrieval: Data Structures & Algorithms [65]
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4.4.3. Natural Language Processing

Abbreviation: NLP
Synonyms: Computational Linguistic (CL)

Method Examples Application Examples

e Tokenization e Question answering systems

e Stemming e Message understanding systems
e [ emmatization e Information filtering

e Multiword phrase grouping o Text categorization

e Word-sense disambiguation e Automatic abstracting

e Anaphora resolution e Thesaurus construction

e Parsing e Speech-to-speech translation

e Part-of-Speech tagging e Speech recognition

o Text chunking e Speech synthesis

The general goal of natural language processing is to provide a better natural language under-
standing through the use of computers [77] [132]. Itis a research field between linguistics and
computer science which is concerned with the computational aspects of the human language
faculty [219]. Natural language processing has developed various techniques that are typi-
cally linguistically inspired, i.e. text is typically syntactically parsed using information from
a formal grammar and a lexicon. The resulting information is then interpreted semantical to
extract information about what was said [122]. These investigations are interdisciplinary and
involve concepts from artificial intelligence, linguistics, logic and psychology. By connect-
ing the closely interrelated fields of computer science and linguistics, NLP plays a key role
in cognitive science [128].

A short instruction about NLP is given by RINDFLESCH ET AL.. The book Speech and Language
Processing written from JURAFSKY ET AL. [119] gives a good description about the syntax,
semantic and pragmatic techniques.

4.4.4. Text Mining

Abbreviation: TM
Synonyms: Text Data Mining, Textual Data Mining, Text Knowledge Engineering, Knowledge
Discovery in Texts, Knowledge Discovery in Textual Databases, Web Farming

Method Examples Application Examples

e Text summarization e Topic identification

e Keyword extraction e Trend detection

e Topic Detection e Technical terms identification
o Differential analysis e Extraction of characteristics
e Significant co-occurrences from texts

e Creation of semantic networks
for knowledge management

e Detection of similar documents
e Text classification
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Text mining is a comparatively new discipline. For this reason a lot of definitions exists
and there are a lot of denotations, like Text Knowledge Engineering [86] and Web Farming
[83]. Different text mining definitions are introduced in the previous section. In this thesis
a combination of the data mining and knowledge-oriented perspective described by MEHLER
ET AL. [161] is used. HEARST ET AL. [97] defines text mining as a natural language extension
of data mining for discovering new, previously unknown information: “The goal is to find
out interesting patterns from large databases. The difference between regular data mining
and text mining is that in text mining the patterns are extracted from natural language text
rather than from structured databases of facts. Text Mining is the discovery by computer
of new, previously unknown information, by automatically extracting information from dif-
ferent written resources. A key element is the linking together of the extracted information
together to form new facts or new hypotheses to be explored further by more conventional
means of experimentation.” Thereby text mining uses a lot of methods from other disciplines
like tokenization, stemming, vector space retrieval, clustering. Figure 4.18 visualizes a text
mining process.

A detailed introduction into text mining is given by the German books Text Mining: Wissens-
gewinnung aus natiirlichsprachigen Dokumenten [226] and Text Mining: Wissensrohstoff Text
[98]. Here the linguistic and statistic fundamentals and some methods, like clustering or tag-
ging are described. Text Data Mining: Theory and Methods [201] and Survey of Text Mining
1I: Clustering, Classification, and Retrieval [17] are very good publications describing the
vector space retrieval, the dimensional reduction of matrices and clustering in the context of
text mining. [201] includes additionally a lot of examples. Another recommendable book
is given by FELDMAN ET AL., the book The Text Mining Handbook: Advanced Approaches in
Analyzing Unstructured Data [62] introduces into clustering, categorization, information ex-
traction, network analysis and visualization, and a lot of applications are introduced.

Methods: Methods: Methods:
- Methods from - Tokenization - Vector space model
information retrieval - Stop word removal - Dimensionality reduction
- - Stemming - Clustering

- Lemmatization - Classification

- Multiword phrase grouping - Network visualization

—_—

S Data Data
Task Definition ]—»[ Selection ]-’ ‘ Preparation ] ’

Interpretation and

Evaluation Methods

- ‘ Deployment ] 4—[

o[ |

Figure 4.18.: Text mining process, Text Mining [101]
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4.4.5. Data Mining

Abbreviation: DM

Synonyms: Knowledge Mining from Data, Knowledge Extraction, Data/Pattern Analysis,
Data Archaeology, Data Dredging, Knowledge Discovery from Data, Knowledge Discovery
in Databases

Method Examples Application Examples

e Decision trees e Costs reduction

e Neural networks e Risk management

e Clustering e Market basket analysis

o Classification e Customer Relationship

e Categorization Management

e SNA e Detection of target groups
e Prediction for marketing

e Frequent pattern mining
e Regression

Data mining is a process that uses a variety of data analysis tools to discover patterns and
relationships in data that may be used to make valid predictions [39]. Another definition is
given from Fayyap et AL. [60]: ”Data mining is a step in the KDD process that consists of ap-
plying data analysis and discovery algorithms that, under acceptable computational efficiency
limitations, produce a particular enumeration of patterns (or models) over the data.” (KDD
= Knowledge Discovery in Databases). Practical applications are the Terrorism Information
Awareness (TIA) Program or the Computer-Assisted Passenger Prescreening System (CAPPS
1) described in [193]. For example, data mining techniques are used for building mathemat-
ical models with financial data [142]. Figure 4.19 visualizes the data mining process.

The books Data mining : practical machine learning tools and techniques [227] and Data
Mining: Concepts and Techniques [88] explain the concepts and techniques used by data
mining and represents tool examples.

Methods: Methods: Methods:
- SQL Queries - Central tendency, ... - Clustering
- (descriptive data summarization) - Classification
- Binning, regression, ... - Prediction
(data cleaning) - Frequent Pattern Mining

- Smoothing, normalization,,... - SNA
(data integration & transformation) -

- Data cube aggregation,...
(data reduction)

. Data Data
—| Task Definition |—» Selection = Preparation ’
Interpretation and Data Mining
<— | Deployment | -<+— Evaluation “ Methods

Figure 4.19.: Data mining process,
Der Prozess des Data Mining im Marketing [102]
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4.4. Research Fields and Applications

4.4.6. Artificial Intelligence

Abbreviation: Al
Synonyms: Computational Intelligence, Logic Intelligence

Method Examples Application Examples

e [ogical Al e Game playing

e Search e Speech recognition

e Pattern recognition e Understanding natural language
e Inference o Expert systems

e Common sense knowledge e Heuristic classification

and reasoning

e Planning

e [earning from experience
e Epistemology

e Ontology

e Heuristics

e Genetic programming

Artificial intelligence is the subfield of computer science devoted to developing programs that
enable computers to display behavior that can (broadly) be characterized as intelligent [212].
It is the science of creating intelligent machines, especially intelligent computer programs
[160].

The book Artificial Intelligence: A Modern Approach written from RusseLL ET AL. [183] gives
an introduction into the theory and practice of artificial intelligence.

Summary: This chapter gives an overview about text analysis with a detailed description
about text mining. Text mining is a central part in the practical part of this work. Since the
definitions of text mining and adjacent research fields are not clear, an introduction into the
other research fields is given as well. In the first section an introduction to text analysis with
a detailed consideration of text mining is presented. The next section describes the funda-
mentals of the text analysis methods: linguistic, language statistic and linear algebra. Based
on these descriptions, different text analysis methods can be developed. The methods which
build the base for this work are described detailed. These are methods for preprocessing
and representing text documents, dimension reduction and clustering. In the last section an
overview about the research fields with their methods and applications is given.
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5. Data and Methodology

In this chapter the data sets and methodology for the analyses are represented. The described
methods for text mining (Section 4.3, p. 35) have to be integrated into the SONIVIS Tool',
which provides a generic data model and a model for the implementation of analysis methods
(Chapter 3, p. 13). The text mining methods are differentiated into methods for preprocess-
ing, representation and analysis (see Figure 4.6, p. 36). The integration is described in Table
5.1

Text Mining Methods Integration into SONIVIS

Data preprocessing Term Transformer
- Tokenization (Sec. 4.3.1, p. 36)

- Stop word removal (Sec. 4.3.1, p. 37)

- Stemming (Sec. 4.3.1, p. 37)

Data representation Content Element Cluster Number Metric
- Term weighting (Sec. 4.3.2, p. 42)
- Vector space model (Sec. 4.3.2, p. 44)

Data analysis Content Element Cluster Number Metric
- Dimension reduction (Sec. 4.3.3, p. 46)

- Distance calculation (Sec. 4.3.4, p. 65)

- Clustering (Section 4.3.4, p. 63)

- Cluster quality measures (Sec. 4.3.4,p. 71)

Table 5.1.: Integration of text mining into SONIVIS

The first part of this chapter describes the data sets for the analysis. The data sets include Wiki
articles. The extraction and transformation of the Wiki data into the generic data model is
introduced in the next section. The transformation includes the preprocessing of the data (see
Section 4.3.1, p. 36). The methods for representing and analysing the data are implemented
in a metric. Metrics are part of the analysis model in SONIVIS. The representation methods
are introduced in Section 4.3.2 (p. 42) and the analysis methods are described in Section
4.3.3 (p. 46), 4.3.4 (p. 63) and 4.3.5 (p. 75). The implementation of the metric is described
in the last section of this chapter.

SONIVIS is a network mining software, integrating network visualization, network analysis
and further statistics. In this open source software tool a lot of analysis methods are already
implemented. SONIVIS is implemented in Java based on the Eclipse Rich Client Platform.
The calculation of metrics is carried out by GNU R2. In this work, the term-based and link-

'hitp://www.sonivis.org/
http://www.r-project.org/
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5. Data and Methodology

based clustering approach are integrated into the tool.

For this libraries of GNU R, which are already available, are used. Since the source code
of the SONIVIS tool including this implementation is free available?, it is not added in the
appendix of this thesis.

5.1. Data Sets

This section describes the data sets which are used for the analyses. The data sets are part of
the English Wikipedia®, which started in 2001. The English Wikipedia was selected because
of its size. It is the largest Wiki project (see Table 3.4, p. 18). The English Wikipedia includes
many different topics, which can be used in this work. The structure of Wikis is described in
Chapter 3 (Section 3.3, p. 18). In this work, the data sets are based on the English Wikipedia
from 17 July 2009. An overview about the size and activity of the English Wikipedia is given
in Table 5.2.

Since the English Wikipedia is very large, only the needed parts were extracted. A sub area
of the Wikipedia was selected by a set of article titles. Based on chosen topics, articles which
are related to these topics were randomly selected. After the set of articles was selected, the
corresponding data were extracted. Therefore the export page was used 5. An export of a
page includes page information (ID, title) and information about its revisions (ID, timestamp,
author, text). For the following analyses only the actual revision is required.

Because the quality of clustering depends on the underlying data structure, four differently
structured data sets were extracted. The data sets have different characteristics. The analyses
examine, how the clustering diverges with the different characteristics of the data sets. In the
context of text mining a data set is called corpus. The articles of each data set topic are listed
in Appendix E.

Pages 17,417,619
Articles 2,954,545
Revisions 320,177,020
Average revisions per page 18.38
Registered users 10,101,805

Table 5.2.: Statistics of the English Wikipedia http://en.wikipedia.
org/wiki/Special:Statistics [2009/07/17]

An overview about the topics is given in Figure 6.38 (p. 123) and Figure 6.39 (p. 124). The
figures visualize the data sets in Wiki-Link networks. The articles are grouped by their topics
and the linkage between the topics is visualized.

http://www.sonivis.org:8080/cb/user
“http://en.wikipedia.org/
http://en.wikipedia.org/wiki/Special:Export/
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5.1. Data Sets

5.1.1. Data Sets | - Single Topics

The first data set includes articles of two different topics: Astronomy and Oceanography. The
topics are completely different and have the same amount of articles. Based on this data set,
the clustering should provide good results and the results of the different clustering methods
should be equal. This data set allows a first evaluation of the clustering methods. Table 5.3
gives an overview about this data set.

#Articles @ Revisions* @ Users* @ Links* @ Terms#*

Astronomy 50 2055.96 491.92 285.86 810.42
Oceanography 50 1097.80 281.14 164.00 501.86

Table 5.3.: Properties of data set I (*per Article)

5.1.2. Data Sets Il - Overlapping Topics

The second data set includes articles of two different topics as well: Artificial Intelligence
and Computer Programming. Compared to the first data set, the two topics are more similar.
Like the first data set, the topics have the same size concerning the number of articles. The
clustering of this data set is more difficult, because of the similarity of the topics. An overview
about the topics is given in Table 5.4.

#Articles @ Revisions* ¢ Users* @ Links* @ Terms#*

Artificial 25 487.32 130.04 109.08 497.00
Intelligence

Computer 25 348.08 100.16 77.08 277.24
Programming

Table 5.4.: Properties of data set I (*per Article)

5.1.3. Data Sets Ill - Topics of a Main Topic

The third data set includes four different topics in the field of medicine: Genetics, Immunol-
0gy, Medical and Toxicology. The topics are similar concerning their main topic. Compared
to the other data sets, there are more topics with a different size. The topics are described in
Table 5.5.

#Articles @ Revisions* @ Users* @ Links* @ Terms*

Genetics 25 767.76 201.84 104.20 380.24
Immunology 17 690.12 178.59 159.47 513.12
Medical 10 656.20 155.70 143.00 475.20
Toxicology 14 458.00 125.14 109.21 451.29

Table 5.5.: Properties of data set III (*per Article)
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5.1.4. Data Sets IV - Small Topics

The last data set includes six topics: Astronomy, Genetics, Oceanography, Computer Pro-
gramming, Tourism and Toxicology. The topics are small and have the same size concerning
the number of articles. With this data set, the clustering algorithm will be tested based on
small topics. Since the topics are small, only little information about each topic is available.
An overview about the topics is given in Table 5.6.

#Articles @ Revisions* @ Users* @ Links* @ Terms#*

Astronomy 5 3429.80 838.00 428.20 1107.60

Genetics 5 2329.60 571.40 284.80 770.40
Oceanography 5 1680.20 419.20 216.00 634.40
Computer 5 676.60 199.80 113.60 409.40
Programming

Tourism 5 1150.80 322.20 117.60 356.60
Toxicology 5 390.20 103.60 96.00 246.60

Table 5.6.: Properties of data set IV (*per Article)

5.2. Extraction and Transformation of Wiki Data

The selected articles have to be extracted and saved in the new data model. Furthermore
transformations have to be executed to gain additional information. The extraction and trans-
formation of Wiki data into the generic data model is described in Section 3.3.2 (p. 20). In
this thesis, two approaches of clustering are compared: content-based and link-based cluster-
ing. The new content elements and relations are listed in Table 5.7.

Data Model Wiki Data

Content elements Terms

Contextual relations ”Term was added/deleted in the revision text”
Properties “Difference value of a term between two revisions”

Table 5.7.: Term Transformer

The data for link-based clustering are saved in the contextual relations of type WikiLink and
RevisionPartOfCategory. Thereby only the last revision of an article is used in this work. The
terms of link-based clustering are the titles of the target content elements of these relations.
Content-based clustering needs the terms of each article text. The terms have to be detected in
a further transformation step, called term transformer. For the detection of terms, the content
elements of type Page and Revision are used. After detecting the terms, they are saved as con-
tent elements of type Term. Only the term difference between revisions is saved. Therefore
contextual relations of type KeywordPartOfRevision between the content elements of type
Term and Revision are created. The difference value of a term is saved as a property of the
relation. The property name is Diff.
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5.2. Extraction and Transformation of Wiki Data

Figure 5.1.: Preprocessing the data sets (term extraction per revision)

In the context of text mining the term transformer includes the preprocessing of the data (see
Figure 4.6, p. 36 and Section 4.3.1, p. 36). In addition to the detection of the terms, the terms
have to be manipulated as well. The term detection per revision is described in Figure 5.1. It
is implemented in the statistical tool GNU R. The R packages tm and RStem are used. The
preprocessing methods tokenization, stop word removal and stemming are used. They are
described in Section 4.3.1 (p. 36).

The first step is the elimination of unimportant characters and character sequences. A lot
of Wiki texts include Wiki markups and HTML-Syntax. But these parts of the text are of
no interest and reduce the quality of the analyses outcome. For this reason they are deleted.
After that the elimination of special characters is accomplished.

The result is a character sequence including only alphabetic characters. The words are now
separated by whitespaces. Based on this character sequence, the tokenization is adopted (see
Section 4.3.1, p. 36). The tokenization includes the segmentation of character sequences into
words (tokens).

Now the words of the text are detected. But there are many words which are not interesting
for later analyses. For example, the word the gives no more information of a specific text,
whereas the words stars, planets and meteors give a reference that the text might be about
astronomy or science fiction. The unimportant words, called stop words, are deleted in the
next step by using the method removelords of the R package fm. The method is called stop
word removal (see Section 4.3.1, p. 37). A defined list of stop words (1,584 English and 34

91



5. Data and Methodology

general stop words) determines the words which should be removed.

The word sequence includes now the important words of the revision text. But there are also
equal words of a different form, like stars and star. These words should be covered as the
same. The reduction of words to their stem by using the R package RStem solves this problem
(the method is described in Section 4.3.1, p. 37). In this case the word stars is reduced to star.
The stemming is based on the Porter Stemming Algorithm which is realized by Snowball °.
The deletion of stemmed words with less than three characters removes words which are not
representative for the text. For example the s from he’s contains no relevant information and
worsen the following analysis. Additionally the term s have a high frequency, because they
occur in many other words as well.

The last step is summing up and counting equal words. Now the terms and their frequency in
a revision are calculated. In order to reduce the memory load in the data base, only the dif-
ferences between revisions are stored. The difference between two revisions is the difference
between the frequencies of all terms in the revision texts. The preprocessing of the data is
completed now. With the detected terms the content can be analyzed.

5.3. Implementation of a Text Mining Metric

The clustering of the content elements is implemented in a metric, called Content Element
Cluster Number Metric. The metric is a content metric (see Section 3.2.3, p. 17), which
returns the cluster ID for each content element. Furthermore the quality of the clusters is cal-
culated and represented. Text mining methods for representing and analyzing data are used
from the metric. The methods term weighting (Section 4.3.2, p. 42) and vector space model
(Section 4.3.2, p. 44) are used for representing the terms and links of content elements. The
methods dimension reduction (Section 4.3.3, p. 46), distance calculation (Section 4.3.4, p.
65), clustering (Section 4.3.4, p. 63) and cluster quality measurement (Section 4.3.4, p. 71)
are used for the topic detection.

There are many algorithms available for the analysis methods. The algorithms for term
weighting, dimension reduction, distance calculation and clustering have to be selected. The
term weight is the Term Significance Weight by default, because it is very popular in the
text analysis area (described in Section 4.3.2, p. 42). The distance measure is the Cosine
Coefficient by default, because the Cosine achieve good results in the area of text analysis
(described in Section 4.3.4, p. 65).

The selection of adequate algorithms for dimension reduction and clustering is more diffi-
cult, because a lot of algorithms exist. Table 5.8 describes the choice of adequate algorithms.
The selection is supported by two conditions. The algorithms have to be used in further text
analysis works. This is an indication that the algorithms are suitable for this thesis. The other
condition is, that an implementation in R exists or an implementation of the method in R is
reasonable. This condition allows an appropriate implementation in the SONIVIS tool.

In the field of dimension reduction, two algorithms are used. For feature selection a method,
called Term Weight Thresholding (described in Section 4.3.3, p. 60), is used. Feature selec-
tion discover the important terms of the matrix. A threshold is defined and all values which
are smaller than the threshold will be deleted. Latent Semantic Analysis is used for feature
transformation (described in Section 4.3.3, p. 48).

Snowball: A small string processing language designed for creating stemming algorithms, http://snowball.
tartarus.org/texts/introduction.html
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5. Data and Methodology

For clustering four clustering algorithms are selected. PAM is a center-based clustering algo-
rithm, which is a more robust variant of k-means (described in Section 4.3.4, p. 67). Agnes
belongs to the agglomerative hierarchical clustering algorithms (method: group average) and
Diana belongs to the divisive hierarchical clustering algorithms. Hierarchical clustering is
described in Section 4.3.4 (p. 68). These three algorithms are implemented in the R package
cluster. The fourth clustering algorithm bisecting PAM is a composition of center-based
and divisive hierarchical clustering (described in Section 4.3.4, p. 67). It is implemented in
an additional R method. The number of iterations that the PAM algorithm will execute for
one clustering step is 100.

Internal and external quality measures are used for evaluating the clustering. The selected
measures are listed in Table 5.9. The measures are explained in Section 4.3.4 (p. 71). An
external cluster quality measure is given by the F-measure. The F-measure compares the
result of the clustering with the optimal solution. The optimal clustering solution is given
by the topics of the defined data sets. The optimal clusters are the topics of each data set.
Since the clustering depends on the underlying data set and the selected clustering approach,
the internal cluster quality is measured by the Dunn Index and SD Validity Index additionally.
The R package clv includes methods for the calculation of the Dunn Index and SD Validity
Index. The performance of the clustering is evaluated by the Computing Time.

Measure Type Settings

Computing Performance

Time

Dunn Index Internal quality Cluster distance: Group Average
Cluster diameter: Group Average

SD Validity Internal quality Cluster scatter: Manhattan distance

Index

F-measure External quality

Table 5.9.: Clustering evaluation measures

The topic detection includes seven steps, which are visualized in Figure 5.2. The dimension
reduction steps are optional and not necessary for clustering. First a term document matrix
has to be created (see Section 4.3.2, p. 44). This depends on the selected clustering approach.
The content-based clustering uses the terms of the content elements. Link-based clustering
takes contextual relations of type Wiki-link and category-link as terms. After this step, both
approaches follow the same routine.

Now the terms have to be weighted. Therefore the Term Significance Weight is used. The
weight is described in Section 4.3.2 (p. 42).

The next two steps include the dimensional reduction of the matrix. This reduces the com-
plexity and increases the performance of clustering. Dimension reduction methods are de-
scribed in Section 4.3.3 (p. 46). Feature selection discovers the important terms of the matrix.
Here a method, called Term Weight Thresholding (TW Thresholding) is used. Feature trans-
formation is executed with the Latent Semantic Analysis (LSA) technique. The dimension
reduction techniques are described in Section 4.3.3 (TW Thresholding, p. 60) and Section
4.3.3 (LSA, p. 48).

Now the distance matrix can be created. Based on the Cosine Coefficient the similarity be-
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tween each document will be calculated first (described in Section 4.3.4, p. 65). Then the
similarity values will be transformed into distance measures using the formula dist(T, D) =
m — sim(D, W), where m defines the greatest similarity value. Finally the values are saved in
an object of class dist. The class can be found in the R package stats.

Based on the distance matrix, the clustering can be executed. Four different clustering algo-
rithms are used: PAM, bisecting PAM, Agnes and Diana. The algorithms are described in
Section 4.3.4 (hierarchical clustering, p. 67) and Section 4.3.4 (center-based clustering, p.
68).

The results are evaluated by comparing the performance and validity of the clustering (see
Table 5.9). The internal quality measures are the Dunn Index and the SD Validity Index. The
external quality measure is the F-measure. The measures are explained in Section 4.3.4 (p.
71). The computing time is used for evaluating the performance.

Figure 5.2.: Topic detection process for analyses

Summary: The content of this chapter describes the implementation of text mining methods
for topic detection into the SONIVIS tool. A transformer for the detection of the terms is
needed. The analysis methods are implemented in a metric. Furthermore data sets, which are
used in the analyses, are described. With the selected data sets, the Term Transformer and
the Content Element Cluster Number Metric the measures for the analyses can be executed
as shown in Chapter 6.

The analyses are separated into four steps. The steps are listed in Table 5.10. First each clus-
tering algorithm without dimension reduction is used for the content-based and link-based
clustering approach. The next two steps define the optimal values for dimension reduction.
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In the last step clustering with and without dimension reduction is compared. Additionally
the results are compared with the optimal clustering solution.

Feat. Sel. Feat. Transf. Clustering Evaluation
(TW Thresh- (Dimensions)
old)
Phase 1
CB: - - PAM, bisPAM,
. F-measure,
Agnes, Diana Dunn Index
LB: - - PAM, bisPAM, .
Agnes, Diana SD Validity
Index,
Computing
Time
Phase 2
EBB 10%-90% : g‘:ﬁ’ ilgzg;as F-measure
Phase 3
CB: 50% PAM
- Diana
LB 90% 1-100 PAM F-measure
90% Agnes
Phase 4
CB: 50% DS I: 40 PAM
DS II: 40
DS 1III: 6
DS 1V: - F-measure,
- DSI: - Diana Dunn Index,
DS II: - SD Validity
DS III: 9 Index,
DS1V:5 Computing
LB: 90% DSI: 8 PAM Time,
DS 1II: 15 Wiki-link
DS III: 15 network
DS 1V: -
90% - Agnes
OS: - - -

Table 5.10.: Properties of clustering phases (DS=Data Set, CB=Content-based
clustering, LB=Link-based clustering, OS=0Optimal Solution)
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In this chapter, the results of the analyses are represented and interpreted. The content-based
and link-based clustering are compared and evaluated. Furthermore the clustering algorithms
and dimension reduction methods which are suitable for the approaches are detected. Addi-
tionally the quality of clustering per data sets are evaluated.

The objective of this study is the evaluation of the clustering approaches in combination with
different clustering algorithm and dimension reduction methods. Therefore four different ex-
periments with different methods are executed. The four phases are described in Table 5.10
(p. 96). Each phase uses the results of the previous phases for their analysis. In the first
phase the content-based and link-based clustering approach is executed with each clustering
algorithm (PAM, bisecting PAM, Agnes, Diana, described in Section 4.3.4, p. 63). The goal
is the selection of appropriate clustering algorithms for both approaches. Within this phase,
no dimension reduction is used. The next two phases define optimal values for dimension
reduction (TW Thresholding, described in Section 4.3.3, p. 60; LSA, described in Section
4.3.3, p. 48). In the last phase, the clustering approaches are compared. Furthermore the
results are compared with the optimal clustering solution. In the optimal clustering solution,
the clusters are created manually by the given topics (see Section 5.1, p. 88).

In the phases, the results are evaluated with the F-measure, Dunn Index, SD Validity Index
and computing time (described in Section 4.3.4, p. 71). The most important quality mea-
sure is the F-measure (external quality analysis), because this measure compares the optimal
solution with the clustering solution. The computing time (performance analysis) is used to
compare the performance of the different clustering configurations and clustering approaches.
The Dunn Index and SD Validity Index (internal quality analysis) measure the quality of a
clustering result based on density measures. These indices describe the distance between
clusters and the distance between documents in a cluster. They can be used to determine
the compactness of each data set. For example a high Dunn Index or a small SD Validity
Index indicate that the clusters of a data set are far apart and the articles in one cluster are
close together. Furthermore they can be used to compare clustering algorithms and the ap-
proaches content-based and link-based clustering. It has to be pointed out, that the results of
the indices depend on the underlying term document matrix (described in Section 4.3.2, p.
44). The matrix depends on the selected clustering approach. Thus the consideration of these
indices should be combined with the F-measure.

In most cases the results (F-measure, Dunn Index, SD Validity Index and computing time)
are visualized in two views. The first view is the clustering algorithm view (left diagram).
The view allows a comparison of the clustering algorithms. The second view is the data set
view (right diagram). The view allows a comparison of the data sets. In each diagram the
content-based and link-based clustering results are visualized. The content-based clustering
is represented by a dark color and the link-based clustering is represented by a light color.
The F-measure is visualized with blue, the Dunn Index with green, the SD Validity Index
with red and the computing time with yellow. Other diagrams give a detailed insight in the
results. In these diagrams, the data set results of each clustering algorithm are not summed
up. The four data set values from each clustering algorithm are visualized. Thereby the data
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set I has the color blue, the data set II has the color green, the data set III has the color red
and the data set I'V has the color yellow.

6.1. Clustering Phase 1 - Clustering Algorithm

In the first analysis phase, content-based and link-based clustering are executed without di-
mension reduction. For each approach, four different clustering algorithms are used (de-
scribed in Section 4.3.4, p. 63): center-based clustering (PAM), agglomerative hierarchical
clustering (Agnes), divisive hierarchical clustering (Diana) and a combination of center-based
and divisive hierarchical clustering (bisecting PAM [bisPAM]). The goal is to find two clus-
tering algorithms for each clustering approach, which are suitable for the content-based and
link-based clustering approach. Clustering on four data sets with two clustering approaches
and four clustering algorithms are executed and the values for the measures (F-measure, Dunn
Index, SD Validity Index and Computing Time, described in Section 4.3.4, p. 71) are calcu-
lated.

The results are compared by an external quality analysis using the F-measure (see Section
6.1.1, p. 98), an internal quality analysis using the Dunn Index and SD Validity Index (see
Section 6.1.2, p. 100) and by an analysis of the performance using the computing time (see
Section 6.1.3, p. 102). The results are summed up in Section 6.1.4 (p. 103).

The values of the charts are listed in Appendix F.1. The figures allow a first comparison
between the content-based and link-based clustering. In addition, a comparison between the
data sets and clustering algorithms is needed for a better understanding of these results.

6.1.1. External Quality Analysis

Because the F-measure (described in Section 4.3.4, p. 71) is the most important quality
measure, the F-measure for each data set and clustering algorithm is displayed in Figure
6.1 (content-based clustering) and Figure 6.2 (link-based clustering). The x-axis visualizes
the clustering algorithms. The clustering algorithms are executed on each data set. The F-
measure values for the clustering results of each data set are displayed on the y-axis.

1.00 0:96 0.970.98

F-measure
F-measure

PAM bisPAM Agnes Diana PAM bisPAM Agnes Diana
®Data Set | ® Data Set Il m Data Set Ill = Data Set IV ® Data Set | ®Data Set Il m Data Set Ill = Data Set IV
Figure 6.1.: F-measure: Figure 6.2.: F-measure:
Content-based clustering Link-based clustering
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6.1. Clustering Phase 1 - Clustering Algorithm

Using content-based clustering (Figure 6.1), the data sets I-III (including single topics, over-
lapping topics, topics of a main topic) achieve the best results with the clustering algorithm
Diana. Data set IV (including small topics) has the best results with PAM. The poorest re-
sults of the data sets I-III are achieved with Agnes. Data set IV obtains the poorest results
with bisPAM. The results of link-based clustering are different (Figure 6.2). The best results
of the data sets I-III (including single topics, overlapping topics, topics of a main topic) are
achieved with the clustering algorithm Agnes. Like the content-based approach, PAM clus-
ters the fourth data (including small topics) set best. The poorest results are achieved with
the clustering algorithms bisPAM and Diana.

The differences within the results show, that the quality of clustering depends on the selected
clustering algorithm and on the structure of the data (the selected data set and clustering
approach). The selected clustering algorithm determines the quality of the clustering, be-
cause the results of the clustering algorithms are different. Comparing the data sets, the
results of data set IV (including small topics) are different to the other data sets. Furthermore
the data structure of both clustering approaches have to be different, because the results of
content-based and link-based clustering with Agnes and Diana are completely contrary. The
content-based clustering uses all terms of a text, whereas the link-based clustering uses only
the links. Because all in all link-based clustering achieved better results, the data structure of
this approach has to be more suitable for topic detection.

For the next phases two clustering algorithms for each clustering approach have to be se-
lected. Since the first two figures are not suitable for the definition of appropriate algorithms,
the average of the results have to be calculated and compared. Furthermore the results of
each data set are compared. Thus one can find out whether there are data sets which can be
better clustered than others. The average values give an overview which is more useful by
the selection of appropriate algorithms. For example the definition of minimum or maximum
values are not suitable, because the results depend on the data set and thus the values strongly
vary. It is not useful to select an algorithm that clusters one data set very well, but the other
data sets especially bad. For this reason the dispersion exerts no influence on the selection of
appropriate algorithms as well.
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The average results of the F-measure are visualized in 6.3 (clustering algorithm view) and 6.4
(data set view). The left diagram compares the results of the clustering algorithms. On the
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x-axis the clustering algorithms can be found. The clustering algorithms calculate the clus-
ters of four data sets. Thus per clustering algorithm four F-measure values exist. The average
of the values per clustering algorithm is calculated and visualized on the y-axis. With this
diagram it is possible to select the best clustering algorithms based on the F-measure. The
diagram on the right side visualizes the average results of the data sets. On the x-axis the data
sets can be found. Each data set is clustered with four clustering algorithm. The average of
the clustering algorithm values per data set is calculated and visualized on the y-axis. With
this diagram the quality of clustering per data set can be compared.

Figure 6.3 and 6.4 clarify that link-based clustering achieves better results than content-based
clustering (Figure 6.4). With each data set the individual topics are identified better by link-
based clustering. With exception of Diana, each clustering algorithm has better results in
combination with link-based clustering (Figure 6.3).

Using link-based clustering, PAM and Agnes seem to be the best clustering algorithms (Fig-
ure 6.3). The clustering algorithms PAM and Diana are the best for content-based clustering.
Although bisecting PAM is an optimized variant of PAM, the algorithm does not generate
good results.

The F-measure of the data sets (Figure 6.4) depends on the similarity of the topics. Data set
I (including single topics) has the most different topics and the best F-measure value, closely
followed from data set IV (including small topics) with different and similar topics. As ex-
pected the third data set (including topics of a main topic) has the poorest clustering results
(see Figure 6.4). In this data set the topics are very similar.

Like the measurements before, the figures visualize that the results depend on the data set,
the clustering algorithm and the clustering approach. The cluster quality of a data set de-
pends on the similarity of the topics within this data set. The link-based clustering has better
results than the content-based clustering. The terms which are used for creating the term
document matrix are more suitable to identify the topics. Thus the link-based clustering
approach identifies more the important terms of a text, whereas the content-based cluster-
ing approach includes more terms which are unimportant and confuse the clustering. Based
on the F-measure, center-based clustering (PAM) and agglomerative hierarchical clustering
(Agnes) are the best clustering algorithms for link-based clustering and center-based cluster-
ing (PAM) and divisive hierarchical clustering (Diana) are the best clustering algorithms for
content-based clustering.

6.1.2. Internal Quality Analysis

In this section the internal quality of the clustering is analyzed by using the Dunn Index and
SD Validity Index (described in Section 4.3.4, p. 71). Like in Section before, the average
results are visualized. Figures 6.5 (Dunn Index) and 6.7 (SD Validity Index) represent the
average results of the clustering algorithms (clustering algorithm view). In these diagrams
the x-axis represents the clustering algorithms and the y-axis sums up the data set results
per clustering algorithm. The average of the four data set values per clustering algorithm is
calculated. Based on these diagrams the clustering algorithms can be compared concerning
the internal quality of the clusters. Figures 6.6 (Dunn Index) and 6.8 (SD Validity Index)
represent the average results of the data sets (data set view). In these diagrams the y-axis
represents the data sets and the y-axis visualizes the average clustering results of each data
sets. Based on these diagrams the internal quality of the clusters per data set can be evaluated.
Compared to the F-measure, the Dunn Index and SD Validity Index show different results.
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The Dunn Index (Figure 6.5) indicates that the clustering results of content-based and link-
based clustering using PAM or Diana are very similar. In the case of bisecting PAM, the
content-based clustering forms better clusters than the link-based clustering. Only the results
of the clustering algorithm Agnes are similar to the F-measure. The same difference is shown
in Figure 6.6. Only with data set Il and data set III link-based clustering is better than content-
based clustering. The SD Validity Index shows the same results as well (Figure 6.7 and 6.8).
Here only bisecting PAM provides better results using link-based clustering. Each data set
has a better internal quality using the content-based clustering.
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Because the results of each clustering algorithm are very similar, the selection of appropri-
ate algorithms is not clear. Based on the Dunn Index (Figure 6.5) the algorithms PAM and
bisPAM have the best internal quality with content-based clustering. Using link-based clus-
tering, the algorithm PAM and Diana have the best results. The results of the SD Validity
Index (Figure 6.7) are different. The algorithm Agnes and Diana creates the best clusters
with the content-based clustering approach. The best results with the link-based clustering
approach are achieved with the algorithms bisPAM and Agnes. It is surprising that Agnes has
the poorest clustering results based on the Dunn Index, but the SD Validity Index indicates
that Agnes is the best clustering algorithm.

The internal quality of the data sets is equal by both approaches. The data sets I+II (includ-
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ing single topics and overlapping topics) have the best internal quality (Dunn, Figure 6.6; SD
Validity Index, Figure 6.8). Data set IV obtains the poorest (including small topics) internal
quality. The internal quality values do not depend on the topic similarity of a data set, as is
the case with the F-measure.

The analysis of the internal quality shows that the results of link-based clustering are not
better than the results of content-based clustering. The Dunn Index and SD Validity Index
are internal quality measures. The results depend on the structure of the data sets and on the
clustering results. The results show that the data structure of content-based clustering allows
more precise results. The clusters are not close together and the documents within a cluster
are closer together. But the F-measure shows that this is no indication for a good clustering.
Based on the data structure of content-based clustering wrong clusters are built. One reason
for this could be that the content-based clustering has more terms. Accordingly, the term
document matrix has more dimensions and the clusters of a data set are far away from each
other. The identification of suitable clustering algorithms is not easy, because the results of
the Dunn Index and SD Validity Index are different and the results within one diagram are
similar. The contrary evaluation of the clustering algorithm Agnes shows that the measures
are not suitable to define appropriate clustering algorithms. In the diagrams of the data set
view no dependencies between the internal quality values and the structure of the data sets
(similarity of the topics, data set size, etc.) can be found.

6.1.3. Performance Analysis

This section analyzes the performance of the clustering. The computing time is measured
and the average results are calculated. The results are visualized in Figure 6.9 (clustering
algorithm view) and Figure 6.10 (data set view). Like the sections before, the x-axes represent
the clustering algorithms (Figure 6.9) and data sets (Figure 6.10). The average computing
time per clustering algorithm is calculated and visualized on the y-axis in Figure 6.9. The
y-axis in Figure 6.10 visualizes the average computing time of each data sets. The figures
allow the comparison of the clustering algorithms and data sets based on the computing time.
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Considering the computing time (Figure 6.9 and 6.10), link-based clustering is better than
content-based clustering. Each clustering algorithm and data set has a lower computing time
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using the link-based clustering approach.

The clustering algorithm bisPAM has the poorest performance. Between the performance of
the other algorithms no crucial differences can be recognized. The computing time of PAM,
Agnes and Diana is less than one second.

There are differences between the computing time of the data sets. The computing time de-
pends on the size of the data set. Data set I (including single topics) has 100 articles and the
poorest computing time, followed from data set III (including topics of a main topic) with 66
articles. The best computing time has data set IV (including small topics). It is the smallest
data set including 30 articles.

Using the content-based clustering approach more terms are used to describe an article. Con-
sequently the term document matrix is very large. This fact increases the computing time.
Since the data sets are small, the computing time of the hierarchical clustering algorithm are
not higher than PAM. Bisecting PAM has the poorest performance, because at each clustering
step, PAM will be executed 100 times. The computing time of the data sets corresponds to
their size (number of articles). The more articles a data set has, the higher the computing time
is.

6.1.4. Summary

The analysis of the first clustering phase gives a first overview about the behavior of the clus-
tering approaches, the clustering algorithms and the data sets. The credibility of the internal
quality analysis is questioned. The results contradict those of the external quality analysis.
Furthermore the results of the internal quality measures (Dunn Index and SD Validity Index)
are not compatible (e.g. Agnes, Figure 6.5 and 6.7). The results depend on the structure of the
data sets. Therefore the content-based clustering creates better results concerning the internal
structure of the data sets and clusters. But the internal structure causes a wrong clustering
concerning the topics of the data sets.

Link-based clustering creates better clusters than content-based clustering concerning the
external quality and performance analysis. The clusters reflect more precisely the defined
topics. Because the external quality is better, the term document matrix of link-based cluster-
ing includes less unimportant terms and consequently the computing time is shorter. Because
the external quality of the content-based clustering is poorer, the preprocessing of the data
doesn’t seem to remove enough unimportant terms.

The cluster quality of the data sets depends on the similarity of the topics (external quality
analysis) and on the size of the data set (performance analysis). The size of a data set is
defined by the number of articles.

The goal of this clustering phase is the identification of suitable clustering algorithms. Be-
cause the correctness of the internal quality analysis is not proven, only the external quality
and performance analysis are used. Table 6.1 describes the choice of adequate algorithms.
The computing time in seconds is combined with the F-measure value. In such a way that
the combined value increases, the higher the F-measure value and the smaller the computing
time. The two clustering algorithms with the highest values are chosen. PAM and Diana are
the best clustering algorithms for content-based clustering and PAM and Agnes are the best
clustering algorithms for link-based clustering.

The question is now, whether the clustering results can be enhanced by using dimension re-
duction methods and whether it is possible that content-based clustering can have a better
cluster quality than link-based clustering by using dimension reduction methods. In order to
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be able to answers these questions, the selection of suitable dimension reduction parameters
is part of the next two clustering phases. The dimension reduction methods remove further
unimportant terms of the content-based clustering and if unimportant terms exist, from the
link-based clustering as well.

104

F-measure Computing time [s] Clustering quality
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Content-based Clustering

bisPAM

Agnes

Link-based Clustering

bisPAM

Diana 0.545 0.567 0.540

Table 6.1.: Selection of clustering algorithms
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Although the results of the first measures show that link-based clustering is better than
content-based clustering, optimal clustering solutions are not achieved. The F-measures show
that only data set I is nearly optimally clustered (Figure 6.2, p. 98). Other data sets mostly
have a F-measure around 0.6. Thus the next two clustering phases analyze the influence of
dimension reduction. The question is whether dimension reduction enhances the clustering
results of both approaches. Possibly, that dimension reduction enhances the content-based
clustering approach more than the link-based approach. This possibility will be explored.

In this clustering phase the influence of the dimension reduction method Term Weight Thresh-
olding (described in Section 4.3.3, p. 60) is explored. It is a feature selection method. Based
on a defined term weight threshold only the term weights which are equal or higher than this
threshold are used in further analyses. Because there is no pre-defined threshold and the def-
inition of an appropriate threshold is not easy, the search of a suitable threshold is part of this
section. Furthermore it is examined, whether feature selection improves the results. For each
clustering approach, the two best clustering algorithms are combined with feature selection.
The content-based approach uses the clustering algorithm PAM and Diana and the link-based
approach uses PAM and Agnes (see Table 6.1, p. 104). Consequently, clusters for four data
sets with two clustering approaches each with two clustering algorithms are created.

In order to determine an appropriate threshold, a stepwise clustering within the term weight
range is executed. For each clustering algorithm and clustering approach, the threshold with
the best average value is used for further analyses. Since each data set and clustering ap-
proach has its own term weight range, the use of absolute ranges and absolute step values is
extensive. Thus the thresholds are defined in percent and clustering with 10%-100% (steps of
10%) of the features (term weights) is executed. Clustering with 100% of the features is equal
to clustering without Term Weight Thresholding. The results of 100% are compared with the
other results to find out whether and how feature selection enhances the cluster quality. The
term weight threshold in percent defines the position of a term weight. The value of this term
weight defines the minimum term weight value which should not be deleted. For example if
there are 30 term weights in the term document matrix and 50% of the term weights should
be used in further analyses. The 30 term weights are ordered and the term weight value at
position 15 defines the minimum term weight value.

The F-measure is used to evaluate the results. The influence of feature selection on the Dunn
Index, SD Validity Index and computing time is explored in the last clustering phase (see Sec-
tion 6.4, p. 115). Section 6.2.1 (p. 105) includes the external quality analysis based on the
F-measure. In Section 6.2.2 (p. 108) the results are summed up. Appendix F.2 includes the
corresponding values of the diagrams. Based on the diagrams, the feature selection threshold
can be defined and it can be shown whether and how Term Weight Thresholding enhances
the cluster quality.

6.2.1. External Quality Analysis

Figure 6.11 and 6.12 display the results of content-based clustering and Figure 6.13 and 6.14
display the results of link-based clustering. The x-axis represents the number of features
(term weights) which are used for clustering in percent. The other features are removed.
On the y-axis the F-measure value of each data set can be found. Additionally the average
value of the four data sets is visualized. Table 6.2 (p. 107) gives an overview of the best
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feature selection thresholds. In the table the number of terms, the absolute term weight
threshold and the deleted terms after feature selection are listed. The number of terms and
the number of deleted terms are not equal to the number of term weights. One term can occur
in many documents and therefore one term can have many term weights. A term will be only
deleted, if the term weight thresholding deletes all corresponding term weights. The number
of deleted term weights is defined by the term weight threshold in percent.
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On average, feature selection doesn’t much enhance the clustering with Diana (Figure 6.11).
Only data set IV (including small topics) has better results by using 70% or 50% of the term
weight values. Looking at the other data sets each dimension reduction reduces the cluster
quality.

Using PAM with content-based clustering (Figure 6.12), the best results are given by 50% of
the term weight values. The cluster quality of data set I (including single topics) are higher
and the cluster quality of the other data sets are nearly constant. It is surprising, that clustering
with 60%-100% of the term weights are nearly equal. In this range of feature selection, only
unimportant term weights are removed. The deleted term weights don’t influence the cluster-
ing results. Table 6.2 (p. 107) gives an overview about the absolute term weight thresholds
and the number of deleted terms. The absolute term weight thresholds are different. Its range
from 0.052 to 0.122. The absolute value depends on the term document matrix and the term
document matrix depends on the data set. A feature selection of 50% deletes 311 terms in the
term document matrix of data set I (including single topics). This and the deletion of further
term weights enhances the cluster quality. Although the size of data set IV (including small
topics) is smaller concerning the number of terms and articles, more terms are deleted. But
the deletion of 551 terms in data set IV don’t worsen the results.

The best enhancement via feature selection is achieved by using Agnes and link-based clus-
tering (Figure 6.13). By using 90% of the term weight values the F-measure of all data sets are
almost one. By using fewer than 90% of the term weight values the F-measure values of the
data sets are decreasing. The F-measure values are constant between 10% and 50%, because
this threshold defines that the distance between all articles is null. In this case, clustering
with Agnes is not possible. The range of the thresholds is 0.087 to 0.333 (Table 6.2). Like
the content-based clustering with PAM, the number of terms don’t depends on the number of
articles. Presumably it depends additionally on the size of the articles and on the similarity
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of the topics. Compared to the content-based clustering, the number of terms are smaller
and fewer terms are deleted. That proves that the term document matrix of the link-based
clustering approach is smaller and includes more the important terms.

The clustering algorithm PAM based on link-based clustering (Figure 6.14) gets the best
results with 90% of the term weight values as well. The F-measure of data set II (including
overlapping topics) decreases concerning clustering without feature selection (100%), but the
F-measure of data set IV (including small topics) increases highly. The F-measure values are
constant between 10% and 50%, because this threshold defines that the distance between all
articles is null. In this case, PAM groups the articles to a big cluster. Since the term document
matrix depends not on the clustering algorithm, the number of terms, the absolute threshold
and the number of deleted terms is the same as link-based clustering with Agnes (Table 6.2).
Only the F-measure values are different (Figure 6.13 and 6.14), because the clustering algo-
rithms creates different clusters.
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# Terms Term Weight Threshold # Terms after

Feature Selection

Content-based Clustering with 50% of the term weights

Data set I 15,514 0.052 15,203
Data set II 6,285 0.110 6,041
Data set II1 9,311 0.122 8,970
Data set IV 7,377 0.200 6,826

Link-based Clustering with 10% of the term weights

Data set I 14,667 0.087 14,570
Data set II 3,613 0.200 3,571
Data set 111 6,065 0.174 6,004
Data set IV 5,169 0.333 5,092

Table 6.2.: Top term weight thresholds
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6.2.2. Summary

In summary, feature selection enhances the cluster quality. The challenge is the definition of
a suitable threshold. The threshold depends on the clustering algorithm and data structure
(data set and clustering approach). If too many term weight values are deleted, the cluster
quality decreases rapidly. In this analysis with a threshold of 90% the best link-based clus-
tering results are achieved. Using content-based clustering, the thresholds are different. The
clustering algorithm Diana achieves the best results without feature selection. With a feature
selection threshold of 50% the algorithm PAM has the best results. Thus the definition of a
term weight threshold seems to be more stable with link-based clustering than with content-
based clustering. The best overall clustering quality is achieved with Agnes and link-based
clustering. The F-measure values of all data sets are nearly one. The selection of suitable
thresholds is listed in Table 6.3.

The absolute term weight thresholds are diversified, because the term weight range depends
on the data set and clustering approach. Thus the definition of relative thresholds in percent
is more practical. The number of terms does not depend on the number of articles. Proba-
bly the size of the articles and the similarity of the topics influence the number of terms as
well. The link-based clustering approach has fewer terms than the content-based clustering
approach. Since the cluster quality of the link-based clustering approach is higher, the term
document matrix of the link-based clustering approach includes more important terms. Using
the content-based clustering approach further terms have to be removed.

Content-based Clustering Link-based Clustering
Diana PAM Agnes PAM

Term Weight Threshold - 50% 90% 90%

Table 6.3.: Selection of term weight thresholds
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6.3. Clustering Phase 3 - Feature Transformation

Another dimension reduction method, which should improve the clustering, is feature trans-
formation. In this section, the influence of Latent Semantic Analysis (LSA, described in
Section 4.3.3, p. 48) is evaluated.

Before executing LSA, feature selection (Term Weight Thresholding) is applied. The best
feature selection thresholds of the previous section are used (see Table 6.3, p. 108). The
clustering algorithm Diana uses no feature selection, because the best results are achieved
by 100%. In the context of content-based clustering, the algorithm PAM achieved the best
results with 50% of the term weights. In the context of link-based clustering, both clustering
algorithms (Agnes, PAM) achieved the best clustering quality by 90%.

LSA needs the definition of a final number of dimensions. The maximum number of di-
mensions is given by the number of articles in a data set. The largest data set is data set
I including 100 articles. Thus the maximum number of dimensions is 100. The maximum
number of dimensions of the other data sets are different, because they include another num-
ber of articles. The maximum number of dimensions shows the clustering without feature
transformation (LSA). To define a suitable dimension value, a stepwise clustering within the
dimension range is executed. Compared to the section before, the absolute values are used,
because in most cases a small number of dimensions should be already sufficient. Thereby
the step within the range of 1-10 dimensions was chosen to be 1. In the range from 10 to 100
dimensions the step was set at 5. One possibility to define the number of dimensions is the
plotting of the singular values. A flattening or break indicates a good value.

The F-measure is used to evaluate the results. The influence of feature transformation on the
Dunn Index, SD Validity Index and computing time is explored in the last clustering phase
(see Section 6.4, p. 115). In the following subsection the singular values are analyzed. In
some cases the singular values can be helpful to define the number of dimensions. Section
6.3.2 includes an external quality analysis based on the F-measure (p. 111). The results are
summed up in the last section (Section 6.3.3, p. 114). Appendix F.3 includes the values of
the diagrams.

6.3.1. Singular Value Analysis

The singular values of LSA are displayed in the Figures 6.15, 6.16 and 6.17. Figure 6.15 (no
feature selection uses by Diana) and Figure 6.16 (50% feature selection uses by PAM) visual-
ize the singular values of the content-based clustering approach and Figure 6.17 (90% feature
selection uses Agnes and PAM) visualizes the singular values of the link-based clustering ap-
proach. On the x-axis the actual selected number of dimensions are given. The y-axis shows
the singular values concerning the number of dimensions.

A flattening or break in the diagrams indicates a good number of dimensions value. Unfortu-
nately there is no flattening or break in the plots (see additionally Table F.14 (p. 184), Table
F.13 (p. 184) and Table F.15 (p. 185)). The singular values have a decreasing order. Thus
the higher the number of dimensions, the smaller the singular value. The singular values in
each diagram are very similar. The values differ only in an insignificant way. Furthermore
the singular values depend on the size of the term document matrix. In each diagram, data
set I (including single topics) has the highest singular values. The term document matrix of
data set I is the largest with 100 articles and around 15,000 terms (15,514 terms with content-
based clustering and no feature selection; 15,203 terms with content-based clustering and
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50% feature selection; 14,570 terms with link-based clustering and 90% feature selection).
Data set III (including topics of a main topic, 66 articles) is the second largest data set and
has the second largest singular values. Data set II (including overlapping topics, 50 articles)
and data set IV (including small topics, 30 articles) are the smallest data sets.
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The diagrams show that the singular values of each clustering approach and feature selection
value are very similar. Furthermore the singular values depends on the size of the term docu-
ment matrix and thus on the number of articles and terms. Based on the diagrams a selection
of a number of dimensions value is not possible. There is no flattening or break in the plots.
Accordingly, the number of dimensions have to be defined based on the F-measure (following
section). The highest F-measure defines the number of dimensions for the further analysis.
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6.3.2. External Quality Analysis

Because the number of dimensions cannot be defined based on the singular values, the F-
measure has to be used. The Figures 6.18 (Diana, content-based), 6.19 (PAM, content-based),
6.20 (Agnes, link-based) and 6.21 (PAM, link-based) display the F-measures for different fi-
nal number of dimensions. On the x-axes the actual number of dimensions for feature trans-
formation (LSA) is visualized. The range is between 1 to 100. The maximum number of
dimensions is 100, because data set IV has 100 articles. The other data sets have fewer arti-
cles and thus the maximum number of dimensions by this data sets is lower. On the y-axis
the F-measure is displayed.

The values of the F-measure vary very strongly. There is no dependency between the F-
measure and number of dimensions recognizable. In some cases, the F-measure increases
again by a small number of dimensions (e.g. Figure 6.19 (data set I and III), Figure 6.20
(data set I, I, III)). After clustering with the maximum number of dimensions the values de-
crease very strongly (e.g. Figure 6.20, data set I in the range of 95-100 dimensions, data set
II in the range of 45-50 dimensions, data set III in the range of 60-66 dimensions and data set
IV in the range of 30-30 dimensions). Contrary to the singular values (Figure 6.15, 6.16 and
6.17), the F-measure values in each diagram are not similar.

Based on the diagrams the best dimensions value is selected. It is the value with the highest
F-measure. Because the term document matrix and thus the number of dimensions is differ-
ent for each data set, clustering approach and clustering algorithm, the final dimensions value
is defined for each data set, clustering approach and clustering algorithm.

Based on Figure 6.18 the final dimensions value for the clustering algorithm Diana (content-
based clustering) can be defined. Data set I (including single topics) and II (including over-
lapping topics) don’t achieve a better clustering quality while using feature transformation
with LSA. The cluster quality of data set III (including topics of a main topic) is enhanced
by using only nine dimensions. Five dimensions enhance the cluster quality of data set IV
(small topics). Probably the cluster quality of data set I and II cannot be enhanced, because
the data sets achieve already a nearly optimal clustering without LSA.

In context of content-based clustering with PAM (Figure 6.19), the cluster quality of data set
I, IT and III can be enhanced. Data set I (including single topics) and data set II (including
overlapping topics) achieve the best results with 40 dimensions. Data set III (including topics
of a main topic) has the best results with six dimensions. Like the content-based clustering
with Diana, the data sets which have a F-measure over 0.8 (without feature selection) cannot
be enhanced while using feature selection. In this case, it is the data set IV (including small
topics).

While using link-based clustering with Agnes (Figure 6.20) the cluster quality cannot be en-
hanced with LSA. The cluster quality without feature selection is already nearly optimal.
Like content-based clustering with PAM, the cluster quality of link-based clustering with
PAM (Figure 6.21) can be enhanced by the data sets I, II and III. Data set II (including over-
lapping topics) and data set III (including topics of a main topic) have the best results with 15
dimensions. Although data set I (including single topics) has a very good clustering quality
without dimension reduction, the quality can be enhanced marginally by using only eight
dimensions. Since data set IV (including small topics) has good results without feature trans-
formation, the results cannot be enhanced with LSA.
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6.3.3. Summary

In some cases dimension reduction enhances the cluster quality. In the context of content-
based clustering, LSA enhances the cluster quality in most cases. Using link-based clustering
with PAM, the results of the data sets I-III are enhanced. Table 6.4 includes the optimal num-
ber of dimensions for each clustering configuration. Since the optimal number of dimensions
depends on the size of the data set, each data set gets its own dimension value. A uniform
value could not be found. Thus the defined values are not suitable for other data sets and
clustering algorithms.

If a good clustering quality is already achieved (F-measure over 0.8), LSA decreases the re-
sults. This is the case for data sets I and II with the clustering algorithm Diana and for data
set IV with the clustering algorithm PAM. Link-based clustering has the same characteristic.
Since the clustering algorithm Agnes has achieved nearly optimal clustering results, LSA
doesn’t enhance the clustering solution.

The problem is the definition of an optimal number of dimensions. For some clustering con-
figurations the results are enhanced by using LSA, but these enhancements are not visible in
the singular value plots. Consequently it is difficult to define an optimal dimension value.
Additionally, there is the danger that the final number of dimensions reduces the cluster qual-
ity. The approach which is used in this analysis is impractical for the use of feature selection
in practice, because this approach is very complex. Another approach to define the final num-
ber of dimensions has to be found. For all practical purposes the measures show that in most
cases a small value (1-15 dimensions) improves the cluster quality, furthermore a dimension
value nearly the maximum number of clusters is not suitable.

Content-based Clustering Link-based Clustering

Diana PAM Agnes PAM
Data set I - 40 - 8
Data set 11 - 40 - 15
Data set 111 9 6 - 15
Data set IV 5 - - -

Table 6.4.: Selection of optimal number of dimensions
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6.4. Clustering Phase 4 - Content-based vs. Link-based
Clustering

In this section the content-based and the link-based clustering approach are compared based
on the findings of the previous sections of this chapter. In the first section (Section 6.1, p.
98), suitable clustering algorithms for the content-based and link-based clustering approach
are chosen (clustering algorithms are described in Section 4.3.4, p. 63). The next two sec-
tions define optimal values for the dimension reduction techniques Term Weight Threshold-
ing (Section 6.2, p. 105; Term Weight Thresholding is described in Section 4.3.3, p. 60) and
Latent Semantic Analysis (Section 6.3, p. 109; Latent Semantic Analysis (LSA) is described
in Section 4.3.3, p. 48). The content-based and link-based clustering approach are compared
using the optimized clustering configurations. In the first section (Section 6.1, p. 98) a first
comparison between content-based and link-based clustering is given. The analysis shows
that link-based clustering creates superior clusters when compared to the content-based clus-
tering approach. But in the first section no dimension reduction methods are used. With the
use of dimension reduction techniques, the results may change. While the goal of the first
section and the overall objective of this paper is the identification of suitable clustering algo-
rithms, the subject of this section is an intensified analysis and comparison of the clustering
approaches as such.

Like the sections before, the clustering algorithms Diana and PAM are used for the content-
based clustering approach. The link-based clustering approach uses the algorithms Agnes and
PAM (see Table 6.1, p. 104). Feature selection with Term Weight Thresholding is executed
on PAM (both approaches) and Agnes (see Table 6.3, p. 108). Thereby PAM uses 50% of
the features by the content-based clustering approach. By the link-based clustering approach
both clustering algorithms use 90% of the features. Feature transformation based on Latent
Semantic Analysis is defined for each clustering approach, clustering algorithm and data set
(see Table 6.4, p. 114). Based on the content-based clustering, Diana uses feature transfor-
mation for data set III (nine dimensions) and data set IV (five dimensions) and PAM uses
feature transformation for data set I (40 dimensions), data set II (40 dimensions) and data set
III (six dimensions). Based on the link-based clustering, PAM uses feature transformation
for data set I (eight dimensions), data set II (15 dimensions) and data set III (15 dimensions).
Agnes does not use feature transformation. An overview about the cluster configurations can
be found in Table 5.10 (p. 96).

Like in the first section, the F-measure, Dunn Index, SD Validity Index and the computing
time (described in Section 4.3.4, p. 71) are used for comparing the results. Additionally
the results of the best clustering algorithm of the content-based and link-based clustering ap-
proach are visualized in Wiki-link networks (described in Section 3.2.1, p. 16). In the first
section (Section 6.4.1, p. 116) the results of Section 6.1 and 6.3 are compared. The enhance-
ments due to the use of dimension reduction methods are evaluated. Furthermore the results
of content-based clustering and link-based clustering with dimension reduction are compared
by an external quality analysis using the F-measure (see Section 6.4.2, p. 117), an internal
quality analysis using the Dunn Index and SD Validity Index (see Section 6.4.3, p. 119) and
by an analysis of the performance using the computing time (see Section 6.4.4, p. 121). Sec-
tion 6.4.5 (p. 122) analyzes the results based on Wiki-link networks. The Wiki-link networks
allow another view on the results. They visualize the articles, the links between the articles
and their topics and clusters. The results are summed up in Section 6.4.6 (p. 130). The values
of the diagrams are listed in Appendix F.4.
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6.4.1. Improvement Analysis

Firstly, the improvement of the clustering quality while using dimension reduction is eval-
uated. The differences of the results from Section 6.1 and 6.3 are visualized in Figure 6.22
and 6.23. C stands for content-based clustering and L for link-based clustering. With these
figures the differences between clustering with dimension reduction and clustering without
dimension reduction are highlighted. The x-axes represent the clustering algorithms of the
content-based and link-based clustering approach. The y-axis of Figure 6.22 represents the
differences between the F-measure values of Section 6.1 and 6.3. The F-measure values from
Section 6.1 are subtracted from the optimized F-measure values from Section 6.3. Thus the
enhancement for clustering with dimension reduction can be evaluated. The y-axis of Figure
6.23 represents the difference between the computing time of Section 6.1 and 6.3. The use of
dimension reduction methods causes a time increase, because further steps are executed.
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Figure 6.22 visualizes that dimension reduction improves the clustering quality. The F-
measure value of almost each clustering algorithm and data set increases while using dimen-
sion reduction methods. But one recognizes as well, that the definition of suitable dimension
reduction parameters depends on the clustering algorithm and data structure (data set and
clustering approach). The clustering quality of data set IV (C:PAM and L:PAM) decreases.
The best improvements are achieved with PAM. The use of dimension reduction methods by
PAM with content-based clustering (C:PAM) and link-based clustering (L:PAM) enhances
the results of the data sets. Thereby the best overall enhancement achieves PAM with link-
based clustering (L:PAM). The results of data set I (F-measure difference of 0.215), data set II
(F-measure difference of 0.229) and data set III (F-measure difference of 0.364) are improved
while using dimension reduction. It is interesting to note that the results of data set IV are
worsening by both clustering approaches (C:PAM and L:PAM). Thus the structure of data
set IV has to be completely different. Using Diana with content-based clustering (C:Diana),
dimension reduction enhances the results to a minimal extent. Diana uses only LSA and no
Term Weight Thresholding. With Agnes based on link-based clustering (L:Agnes) it is differ-
ent. Without dimension reduction, only data set I and II yield good results. With dimension
reduction, these data sets give good results as well and the other two data sets exhibit an
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improvement of the results.

The use of dimension reduction methods increase the performance. This fact is visualized in
Figure 6.23. The increase of the computing time depends on the size of the data set as well.
For this reason, data set I has the highest computing time difference. The clustering algo-
rithm PAM has the largest increase of the computing time by both approaches (C:PAM and
L:PAM). The computing time shows a significant increase, because PAM uses feature selec-
tion and feature transformation for the optimization. The computing time of Diana (C:Diana)
increases not so much, because Diana doesn’t use feature selection. On the other hand, Diana
provides the poorest enhancement of the clustering results while using dimension reduction
methods. The computing time of Agnes (L:Agnes) increases not so much as well, because
Agnes doesn’t use feature transformation. Agnes uses only feature selection and achieves
with dimension reduction a nearly optimal solution.

In summary, dimension reduction improves the clustering results, but the computing time
increases as well. Furthermore the definition of suitable dimension reduction parameters de-
pends on the structure of the data set. In this analysis, data set IV has a different data structure.
Thus the clustering results of data set IV decrease (see C:PAM and L:PAM), whereby the clus-
ter quality of the other data sets increases. The clustering algorithm PAM (see C:PAM and
L:PAM) has the best improvement of the clustering quality, but on the other side, the highest
increase of computing time as well. The computing time of Agnes (see L:Agnes) increases
not so much and with the use of dimension reduction methods nearly optimal solutions are
achieved.

6.4.2. External Quality Analysis

The following diagrams compare content-based and link-based clustering based on the F-
measure. The structure of this analysis is similar to the external quality analysis of the first
section (Section 6.1, p. 98). The first two figures display the results in detail (Figure 6.24
and Figure 6.25). The other two figures sum up the results and highlight the best clustering
algorithms and the data sets which are clustered best (Figure 6.26 and Figure 6.27). The *
indicates that the clustering is optimized using dimension reduction.

Figure 6.24 (content-based clustering) and Figure 6.25 (link-based clustering) visualize the
F-measure values for each clustering algorithm and data set. The x-axes visualizes the clus-
tering algorithms. The clustering algorithms are executed on each data set. The F-measure
values for the clustering results of each data set are displayed on the y-axis.

As is to be inferred from Figure 6.22 (p. 116), the results of PAM with dimension reduction
are much better (Figure 6.24 and 6.25). The clustering with Diana (Figure 6.24) is hardly en-
hanced. Figure 6.25 shows, that Agnes in combination with link-based clustering has nearly
optimal results. Data set III includes very similar topics, but it is clustered in an optimal way.
All data sets are clustered best from Agnes with link-based clustering. With the exception of
the results from Diana the results per data set are very similar. Thus it is not possible to say,
which data set contains similar topics.

The use of dimension reduction techniques enhances the quality of clustering. Except for
Diana with content-based clustering, appropriate clustering results are achieved. Even data
sets with similar topics are clustered very well. The best clustering quality is achieved with
Agnes in combination with link-based clustering.
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To select the best clustering algorithm and clustering approach, the average of the results have
to be calculated and compared. Furthermore the results of each data set are evaluated.

The average results of the F-measure are visualized in 6.26 (clustering algorithm view) and
6.27 (data set view). The x-axis of the clustering algorithm view represents the clustering al-
gorithm. The average of the values per clustering algorithm (F-measures of the corresponding
data sets) is calculated and presented on the y-axis. The x-axis of the data set view represents
the data sets. The average of the values per data set (F-measures of the corresponding clus-
tering algorithm) is calculated and depicted on the y-axis.
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The summing up of the results show, that link-based clustering has the best results with both
clustering algorithms (Figure 6.26). Contrary to the clustering without dimension reduction,
PAM has better results than Diana in the context of content-based clustering. Consequently,
the dimension reduction methods enhance the results of PAM very well. As expected, Agnes
in combination with link-based clustering has the best overall clustering quality.

Each data set is clustered better by using link-based clustering (Figure 6.27). The results are
nearly optimal. The content-based clustering results are different. The best results are given
by data set I (including single topics). Data set III (including topics of a main topic) has the
poorest results on average.

Like in the first analysis phase (Section 6.1, p. 98), link-based clustering achieved a better
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clustering quality than content-based clustering. The use of dimension reduction methods
enhances the results additionally. The results are enhanced in context of content-based clus-
tering as well, however content-based clustering faces the problem of clustering of similar
topics. The best results are achieved with link-based clustering in combination with a feature
selection of 90% and the agglomerative hierarchical clustering algorithm Agnes. PAM has
good results as well, but needs additionally feature transformation.

6.4.3. Internal Quality Analysis

In this section the internal quality of the clustering is analyzed by using the Dunn Index and
SD Validity Index (described in Section 4.3.4, p. 71). Like in subsection above, the aver-
age results are shown. Because the results of the internal quality analysis are different to the
external quality analysis, the results of the internal quality analysis are compared with the
optimal solution. The * indicates that the clustering is optimized using dimension reduction.

Figure 6.28 (Dunn Index) and 6.30 (SD Validity Index) represent the average results of the
clustering algorithms (clustering algorithm view). The x-axes represent the clustering algo-
rithms and the y-axes sum up the data set results per clustering algorithm. Figure 6.29 (Dunn
Index) and 6.31 (SD Validity Index) represent the average results of the data sets (data set
view). The x-axes represent the data sets and the y-axes sum up the clustering algorithm
results per data set. Based on these diagrams the internal quality of the clusters per clustering
algorithm and data set can be compared and evaluated.

With the exception of the first data set, the Dunn Index corresponds to the F-measure (Fig-
ure 6.28 and 6.29). Figure 6.28 shows that the Dunn Index of link-based clustering is better
than the Dunn Index of content-based clustering. Agnes (link-based clustering) has the best
clustering results, PAM (link-based clustering) the second best. Diana (content-based clus-
tering) has the poorest internal quality based on the Dunn Index. In the data set view (Figure
6.29) data set I and II (including single topics and overlapping topics) have the best Dunn
Index. This means that the distance between clusters in these data sets is high (high distance)
and the distance between documents in each cluster is small (high density). In context of
content-based clustering the clusters of the third data set (including topics of a main topic)
have the smallest density and distance. The topics of this data set are very similar. Since the
topics of the fourth data set (including small topics) includes only five articles, the density
and distance of the clusters is small as well. Using link-based clustering the topics can be
differentiated better, because the Dunn Index is higher. For this reason, link-based clustering
is more simple than content-based clustering.

The values of the SD Validity Index are different (Figure 6.30 and 6.31). Like the measures
without dimension reduction, content-based clustering has a smaller SD Validity Index. This
means that the internal quality of the content-based clustering is better. The internal quality
depends on the structure of the data sets and on the clustering results. Corresponding to the
SD Validity Index the content-based clustering forms good clusters, but compared to the F-
measure the clusters are wrong. The reasons for these contradictory results are described in
Section 6.1.2 (p. 100).

The results of the Dunn Index and SD Validity Index are different. At the same time, the
results of the Dunn Index correspond to the results of the F-measure. Based on this index,
the link-based clustering is better than the content-based clustering. The comparison of the
data sets shows that the internal structure of the data sets is different. Data set I and II have

119



6. Results and Interpretations

a data structure which is more suitable for clustering. Based on the Dunn Index, Agnes with
link-based clustering achieved the best internal quality.
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To prove the validity of the Dunn Index and SD Validity Index, the optimal clustering solu-
tion of each data set is formed and the indices of these solutions are calculated. Figure 6.32,
6.33, 6.34 and 6.35 compare these results with the content-based and link-based clustering
solutions. Figure 6.32 (Dunn Index) and 6.34 (SD Validity Index) compare the content-based
clustering with the optimal solution and Figure 6.33 (Dunn Index) and 6.35 (SD Validity In-
dex) compare the link-based clustering with the optimal solution. The x-axes represent the
clustering algorithms and the y-axes depict the average index values of each clustering algo-
rithm.

The content-based clustering results in a higher Dunn Index than the optimal solution (Figure
6.32). This evidence showing that the data set structures of the content-based clustering are
not suited for the clustering of topics. The link-based clustering approach is better suited. The
Dunn Index of the link-based clustering is smaller than the optimal solution (Figure 6.33).
However, the difference between the Dunn Index values is not significant, because link-based
clustering achieved nearly optimal results.

The comparison of the SD Validity Index values produces the same results. Using content-
based clustering (Figure 6.34), PAM has a better SD Validity Index than the optimal solution.
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The clustering with Diana could be improved, because the SD Validity Index of the optimal
solution is smaller than the SD Validity Index of Diana. Using link-based clustering (Figure
6.35), the SD Validity Index reflects the quality of the clustering results. Only a small differ-
ence is found between the link-based clustering and the optimal solution.

The figures show that the internal data structure of content-based clustering causes a wrong
clustering. The optimal solutions have a worse Dunn index and SD Validity index than the
computed solutions. The internal structure of the link-based clustering approach is more suit-
able for topic clustering. The optimal solutions have a slighty better Dunn index and SD
Validity index than the computed solutions.
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6.4.4. Performance Analysis

In this section the performance of the clustering is analyzed. The computing time is measured
and the average results are calculated. The results are visualized in Figure 6.36 (clustering
algorithm view) and Figure 6.37 (data set view). The x-axes represent the clustering algo-
rithms (Figure 6.36) and data sets (Figure 6.37). The y-axis of Figure 6.36 visualizes the
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average computing time of each clustering algorithm and the y-axis of Figure 6.37 visualizes
the average computing time of each data set. The * indicates that the clustering is optimized
using dimension reduction.
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The computing time shows that in most cases the link-based clustering approach has a better
performance. PAM has the poorest performance (Figure 6.36), because the algorithm uses
feature selection and feature transformation. The computing time of Agnes and Diana is less.
Diana does not use feature selection and Agnes does not use feature transformation.

The computing time of the data sets depends on the size of the data sets (Figure 6.37) as well.
Data set I (including single topics, 100 articles) and III (including topics of a main topic,
66 articles) have the highest computing time. The computing time of data set II (including
overlapping topics, 50 articles) and IV (including small topics, 30 articles) is least. Only for
data set I (including single topics) the content-based clustering requires less computing time
than the link-based clustering.

The computing time depends on the data set size, the selected clustering approach and the se-
lected dimension reduction methods. The use of dimension reduction methods increases the
clustering results, but the computing time as well. The computing time of the link-based clus-
tering approach is less, because the corresponding term document matrix is smaller. Because
the clustering quality of link-based clustering is better, the term document matrix includes
fewer unimportant terms.

6.4.5. Wiki-link Network Analysis

Although link-based clustering has good results, the optimal clustering is only achieved with
the data set III (including topics of a main topic). Therefore different reasons are possible.
The reasons for this behavior are explored in this section. Especially for this Wiki-link net-
works are used.Figure 6.38 and 6.39 visualize the topics of all data sets in Wiki-Link networks
(described in Section 3.2.1, p. 16). Articles are represented by nodes. An edge between two
article-nodes describes a link between the articles. Figure 6.38 groups the articles to their
topics and gives an overview about the linkage between the topics. Figure 6.39 visualizes the
articles. Articles of one topic are near together. In each network, the topics are highlighted
by a color.
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Figure 6.38 shows that no topic remains separate. There are a lot of links between the top-
ics. These links could impede the clustering. As expected there are links between the medical
topics Genetics, Immunology, Toxicology and Medical (data set 111, including topics of a main
topic) and the topics Artificial Intelligence and Computer Programming (data set I, including
overlapping topics). Unexpectedly there are a lot of links between the two topics of the first
data set Astronomy and Oceanography (including single topics) and the topics Oceanography
and Artificial Intelligence have links to the medical topics.

Figure 6.39 highlights the dependencies between the topics as well. Articles like DNA,
Tourism, Atmosphere and Earth are bridges between different topics. The networks remember
on small world networks, because they have high-connected subgraphs with a few edges be-
tween the subgraphs. There are articles which are not linked, such as Beta-catenin, Deep sea
creature, Hilbert system and Quantum programming. Furthermore there are articles which
are not linked to their topic, but to other topics, such as Oceanic plateau and Sarin.
Link-based clustering has better results than content-based clustering, because the terms
which are used by link-based clustering reflect better the topic dependencies between arti-
cles. Consequently the important terms of an article have to be in the titles of outgoing links.
That can be a disadvantage as well. Articles with few links or with links to articles which
belong to a different topic, worsen the results. Furthermore there are articles which have no
links and articles which are not linked to their topics, but to other topics. However it has to be
considered that the Wiki-links networks show only a subset of the used links. The link-based
clustering uses links which are not inside the Wiki-link networks as well. A dependency be-
tween two articles may also exists, if the articles are connected via a third article. Because
all outgoing links of an article are considered, this third article hasn’t been part of the data set.

In the following figures the results of the best clustering algorithm of the content-based and
link-based clustering approach are visualized in Wiki-link networks. Agnes is the best clus-
tering algorithm for link-based clustering and PAM delivers the best results in the context of
content-based clustering. Figure 6.40 (content-based clustering) and Figure 6.41 (link-based
clustering) visualize the results of the the first data set (including single topics). The results
of the second data set (including overlapping topics) are visualized in Figure 6.42 (content-
based clustering) and Figure 6.43 (link-based clustering). Figure 6.44 (content-based cluster-
ing) and Figure 6.45 (link-based clustering) includes the Wiki-link networks of the third data
set (including topics of a main topic) and Figure 6.46 (content-based clustering) and Figure
6.47 (link-based clustering) includes the Wiki-links networks of data set IV (including small
topics). Each cluster is visualized by a color. The optimal clustering solutions are visualized
by putting articles of one cluster near together. The * indicates that the clustering is optimized
using dimension reduction techniques.

The first Wiki-link network (Figure 6.40, content-based clustering with PAM) shows that a
lot of articles of the topic Astronomy are assigned to the cluster of Oceanography. Many of
these articles describe planets (Earth, Moon, Uranus, Mars, Venus and Mercury (planet)). It
could be possible that the articles about the planets are closely related to the article about
the Earth. The article about the Earth is a bridge between the two topics. Using link-based
clustering for data set I (Figure 6.41), three articles are clustered wrong: Ring Galaxy, Sirius
and Earth. The article Earth builds a bridge between the two topics. A correct clustering
of this article is very difficult. Ring Galaxy seems to be a very young article (see Appendix
E) with only a few revisions (48) and links (8). The number of terms (69) is very small as
well. There is not enough information for clustering the article correctly. The article Sirius
is not young. There are a lot of revisions (1556), links (299) and terms (962). A look into
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the article text shows that the article includes a section about Observational history. Because
of this section, there are a lot of links which do not belong to the topic Astronomy, such as
Ancient Egypt, Middle Kingdom, Nile, Hawaii, Marquesas Islands and New Zealand.

Since the second data set includes overlapping topics, a lot of articles are clustered wrongly
using the content-based clustering approach (Figure 6.42). A lot of articles of the topic Com-
puter Programming are assigned to the topic Artificial Intelligence. Because the articles are
very similar, the cluster quality of content-based clustering is not high. While using link-
based clustering (Figure 6.43), only one article is clustered wrongly. The article Speech
recognition is assigned to the topic Computer Programming. A look into the article text
shows that the article contains only a few links to the topic Artificial Intelligence.

Data set III includes the most similar topics. In this data set the medical topics Genetics,
Immunology, Toxicology and Medical have to be clustered. For this reason the content-based
clustering is very poor (Figure 6.44). The clusters of Medical and Toxicology includes many
articles which belong to other topics. Although the topics are very similar, the third data set
was clustered optimal while using link-based clustering (Figure 6.45).

The last data set includes five small topics. Using content-based clustering (Figure 6.46) only
two clusters are correct (Computer Programming and Tourism). The other clusters represent
topics which are similar based on the content (Genetics, Toxicology, Astronomy and Oceanog-
raphy). Consequently the articles are grouped wrongly. For example the article Gene family
is assigned to the cluster of the topic Astronomy, because the article is very short (74 terms).
Using link-based clustering (Figure 6.47) only one article was clustered wrongly. The article
Tour Guide is assigned to the topic Genetics. The article is very short (101 terms) with only a
few links (26 links). The Wiki-link network shows that there are no links between the article
and the other articles of this topic. It has the appearance that there are no dependencies via
third articles as well.

In summary the link-based clustering approach reflects the topics of a data set better. But
the quality of link-based clustering depends on the quality of the linkage. The weakness of
link-based clustering are small articles with only a few links. Articles with a large amount of
links can be a problem as well. If an article has a lot of links, it becomes similar to content-
based clustering. Furthermore there are articles which belong to more than one topic, such
as Earth. The use of overlap clustering could solve this problem (described in Section 4.3.4,
p. 63). Another problem are links to articles where titles consist of several words, such as
DNA sequence, Chronic toxicology and Acute toxicology. In the actual link-based approach
Chronic toxicology and Acute toxicology are different terms. It is possible that the splitting
of the titles, called Tokenization (described in Section 4.3.1, p. 36), into terms improves the
cluster quality. But the splitting of the titles can worsen the results as well. For example the
splitting of the article title Gene family causes that now the word family belongs to an article
about genetic.
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Figure 6.40.: Wiki-link network of data set I (PAM*, content-based clustering)
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6.4.6. Summary

In this section the link-based clustering approach is compared with the content-based clus-
tering approach while using dimension reduction techniques. The analysis shows that the
external quality (F-measure) and performance (computing time) of the clustering depend on
the clustering algorithm, the dimension reduction methods, the clustering approach and the
structure of the data (similarity of the topics, size of the articles, size of the topics).

Like in the first section (Section 6.1, p. 98), the credibility of the internal quality results is
criticized, because the results of the internal quality analysis (Dunn Index and SD Validity
Index) are different to the results of the external quality analysis (F-measure). The results of
the Dunn Index are similar to that of the F-measures, but the results of the SD Validity Index
are contrary. The reasons for these differences are analyzed as well. The Dunn Index and
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SD Validity Index were compared with the optimal clustering solution and the comparison
suggested that the data structure of the content-based clustering approach is not suitable. The
optimal solutions have a lower Dunn index and SD Validity index than the computed solu-
tions. Because of this, the internal structure causes a wrong clustering concerning the topics
of the data sets.

F-measure Computing time [s] Clustering quality
FM cT (1+c}po.25 )0'5 : FMO's

Content-based Clustering

PAM 0.643 0.730 0.578
PAM* 0.807 2.349 0.600
Diana 0.766 0.737 0.631
Diana* 0.784 1.130 0.621

Link-based Clustering

PAM 0.711 0.578 0.616
PAM* 0.908 1.910 0.646
Agnes 0.866 0.569 0.681
Agnes* 0.979 1.132 0.694

Table 6.5.: Comparing the clustering algorithms
* = clustering is optimized using dimension reduction)

The measurements of this analysis phase show that dimension reduction improves the exter-
nal quality of the clustering. But the definition of suitable dimension reduction parameters is
not easy, because this depends on the structure of the data (data set and clustering approach).
The parameters can be chosen such that the results of some data sets are improved, but at the
same time the results of other data sets get worse. Furthermore the use of dimension reduction
techniques causes a deterioration of the performance, because the computing time increases.
Table 6.5 evaluates the clustering configurations based on the external quality analysis (F-
measure) and the performance analysis (computing time). Thereby the clustering algorithm
with and without dimension reduction are listed. The computing time in seconds is combined
with the F-measure value. The combination of the measures shows that dimension reduction
sometimes doesn’t enhance the clustering quality, because the increase of the computing time
is very high (see Diana with content-based clustering). However the computing time is not
high in absolute terms. Nevertheless the influence of the computing time for larger data sets
should be examined, because the computing time depends on the size of the data set.

The Table 6.5 clarify further that link-based clustering (with and without dimension reduc-
tion) has a better clustering quality than content-based clustering. Also the internal quality
based on the Dunn Index is higher. The term document matrix of the link-based clustering
approach is smaller and the computations need less time. Consequently the term document
matrix has to be included the more important terms of the articles and the terms which re-
flect the topics more precisely. In spite of there are the use of dimension reduction methods,
content-based clustering has still a problem with the clustering of similar topics. Thus the
dimension reduction methods removed not enough unimportant terms. The best clustering
quality is achieved with the link-based clustering approach in combination with Agnes and a
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feature selection of 90%.

Although link-based clustering obtains adequate results, the optimal clustering solutions are
not achieved. The quality of link-based clustering depends on the quality of the linkage.
Young or small articles, articles whose content do not correlate to the article title and general
articles may cause a wrong clustering. Because small articles include only few links (e.g.
Tour Guide), not enough information exists for the clustering. Articles whose content do not
correlate to the article title (e.g. Sirius) includes many links to other topics. General articles
belong to more than one topic (e.g. Earth). Consequently it is difficult to assign these articles
to one topic. The use of an overlap clustering approach could be helpful (described in Section
4.3.4, p. 63). Another problem are article titles which have more than one word, such as DNA
sequence. The use of Tokenization (described in Section 4.3.1, p. 36), which splits the title
into words could solve the problem.
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The objective of this work is to identify a method which allows the clustering of content el-
ements in topics. In this context, two approaches were compared: the link-based clustering
approach using the outgoing links of content elements, and the content-based approach using
the terms of content elements. The objective of this work is summarized in a research ques-
tion and a hypothesis about the advantages and disadvantages of these two approaches (see
Chapter 2, p. 9). Wikis are used as example of social information space for the analyses. In
this context selected Wiki articles were summarized to data sets.

The data sets were transformed into a generic data model first. Based on this data model,
analyses which are independent from the social information space are possible. The data
model is part of the SONIVIS tool. An explanation of the generic data model is given in
Chapter 3 (p. 13).

After defining the data sets for the analyses, an evaluation of possible analysis methods is
conducted in Chapter 4 (p. 23). In this chapter different text analysis methods are described.
The base for topic detection is the clustering of the content elements. The resulted clusters
represents the topics. Suitable clustering algorithms are selected. Furthermore it is possible
to enhance results with the use of dimension reduction methods. Thus possible dimension
reduction methods are selected as well. The selected analysis methods for topic detection are
implemented as a metric into the SONIVIS tool. The metric returns the cluster ID for each
content element. Furthermore the quality of the clusters is calculated and reported.

Based on the selected data sets and the implemented metric, the analyses are executed. An
overview about the data sets and the methodology is given in Chapter 5 (p. 87). The results
are evaluated with an external quality analysis based on the F-measure, an internal quality
analysis based on the Dunn Index and SD Validity Index and a performance analysis based
on the computing time. The results are described in Chapter 6 (p. 97). The analyses are sep-
arated into four phases. The first clustering phase detects suitable clustering algorithms and
compares the link-based and content-based clustering approach without dimension reduction
techniques. The clustering algorithms PAM, bisecting PAM, Agnes and Diana (described in
Section 4.3.4, p. 63) are used. The next two phases search for suitable dimension reduction
parameters. The feature selection method term weight thresholding (described in Section
4.3.3, p. 60) and the feature transformation method latent semantic analysis (described in
Section 4.3.3, p. 48) are used. In the last phase the link-based and content-based clustering
approach are compared with the use of dimension reduction techniques and the improvements
through the use of dimension reduction methods are evaluated.

The analyses show that the clustering quality depends on the clustering algorithm, the di-
mension reduction methods, the selected clustering approach and the structure of the data
set (similarity of the topics, size of the articles, size of the topics, etc.). The best results are
achieved by using link-based clustering. The credibility of the internal quality results is criti-
cized, because the results of the internal quality analysis (Dunn Index and SD Validity Index)
are different from the results of the external quality analysis (F-measure).

The results of the first clustering phase (Section 6.1, p. 98) show that link-based clustering
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achieves better results than content-based clustering, if no dimension reduction is used. The
results of the content-based approach correspond to the works from Znao et AL. [243] and
STEINBACH ET AL. [204]. ZHAO ET AL. compare divisive and agglomerative clustering algorithm
and discover that divide clustering are better suitable for text clustering. Following in this
work, the divise clustering algorithm Diana is better for content-based clustering than the
agglomerative clustering algorithm Agnes. STEINBACH ET AL. compare agglomerative hierar-
chical clustering, k-means and bisecting k-means. The results show that standard k-means
generates better clusters than agglomerative hierarchical clustering, and bisecting k-means is
the best clustering technique. The result of this work shows that PAM, which is a variant
of k-means, is better than the agglomerative clustering algorithm Agnes. Only the results of
bisecting PAM are different to the work of STemNBACH ET AL.. In this work, bisecting PAM
produces the least efficiency concerning the external cluster quality (F-measure) and perfor-
mance (computing time).

The results of link-based clustering are different. The difference between the clustering al-
gorithms Agnes and Diana, corresponding to the link-based and the content-based clustering
approaches is surprising. Agglomerative hierarchical clustering gets better results than divise
hierarchical clustering while using link-based clustering. This fact indicates how different the
underlying data structure is. The term document matrix which is based on the terms of a text
is completely different when compared to the term document matrix which is based on the
links of a text. The differences between the data structure of link-based and content-based
clustering are additionally emphasized by the Dunn Index and SD Validity Index. The ques-
tion arises, whether Agnes gets also good results by other data sets.

The next two clustering phases (Section 6.2, p. 105 and Section 6.3, p. 109) defined suitable
parameters for the dimension reduction methods. The defined values are only appropriate for
the selected data sets and clustering methods. For the use of other data sets and clustering
methods, new parameters have to be determined. For further analyses and for the utilization
of the topic detection methods in practice, other approaches for defining the dimension reduc-
tion parameters have to be used, because the selected approaches are very extensive and the
change of the data set causes a re-defining of the parameters. The feature selection based on
term weight thresholding works with percentage thresholds. The use of percentage thresh-
olds is more suitable than the use of absolute thresholds. But based on the content-based
clustering, the defined thresholds are different. Using link-based clustering a feature selec-
tion of 90% seems to be suitable. But the validity of this value have to be proven with further
data sets. The definition of an appropriate value (number of dimensions) for feature trans-
formation based on latent semantic analysis is more complex. In this work a value for each
clustering approach, clustering algorithm and data set was defined. The parameter values for
feature transformation differs, thus no default value can be defined. Unfortunately, based on
the plot of the singular values no parameter value could be defined. Maybe the definition of
a percentage value can be helpful.

In the last clustering phase (Section 6.4, p. 115) the improvement by the use of dimension
reduction methods is evaluated and the link-based and content-based clustering approach are
compared. In summary, dimension reduction enhances the cluster quality, but the comput-
ing time increases as well. Furthermore the parameters may cause that the results of some
data sets are improved, but the results of other data sets are worsen. Consequently it will
have to be weighed out which methods are really meaningful. The results correspond to the
works from TanG ET AL. [209] [210]. TaNG ET AL. compare latent semantic analysis, document
frequency thresholding, mean TFIDF and further dimension reduction methods. Document
frequency thresholding and mean TFIDF are similar to term weight thresholding. The mea-
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surements show that latent semantic analysis, document frequency thresholding and mean
TFIDF are very suitable dimension reduction methods for document clustering. The best di-
mension reduction method in this work is independent component analysis. Feature selection
seems to be a better method for dimension reduction in the context of topic clustering. With
a threshold of 90% the link-based clustering performs well and it is ensured that hardly any
of the important terms will be deleted. Furthermore the execution of term weight thresh-
olding isn’t complex, because no further calculations have to be executed. Only the term
weights which are smaller than the defined threshold have to be deleted. By contrast latent
semantic analysis is more complex and has the problem of defining the best final number of
dimensions. It should be examined in further analyses whether latent semantic analysis is a
good method for topic clustering. Because independent component analysis seems to be a
better feature transformation method, the quality of independent component analysis should
be proven. Actually feature selection is executed first, followed from feature transformation.
The quality of clustering should be proven by changing this order.

The comparison of link-based and content-based clustering shows that link-based clustering
is more suitable for the detection of topics. The quality of the clustering is higher (external
quality analysis) and the computing time is less (performance analysis). Furthermore link-
based clustering only needs feature selection. Consequently the term document matrix of
the link-based clustering approach is smaller and includes more of the important terms for
topic detection. Even if content-based clustering uses dimension reduction methods, this ap-
proach still has a problem with the clustering of similar topics. The best results are achieved
with link-based clustering combined with the agglomerative hierarchical clustering algorithm
Agnes and a term weight threshold of 90%. PAM has good results as well, but needs addi-
tional feature transformation. Although link-based clustering obtains adequate results, the
optimal clustering solutions are not achieved. The quality of link-based clustering depends
on the quality of the linkage. Problems evolve from young or small articles, articles whose
content do not correlate to the article title and general articles. These are articles with few
links or links to other topics. The assignment of general articles to a topic is difficult, because
a general article belongs to more than one topic. The use of an overlap clustering approach
could be helpful.

Based on the analyses the research question of Chapter 2 (p. 9) can be answered. The results
of this work show that the clusters of the link-based clustering approach reflects the topics
better than the content-based clustering approach. Even the clustering of topics with a high
similarity achieve good results. Consequently, the defined hypothesis is correct. Using the
link-based approach, the important terms of an article are considered. The external cluster
quality and the performance are better using the link-based clustering approach. In addition
a preprocessing of the data (tokenization, stop word removal, stemming) is not required. The
content-based clustering approach does not achieve the cluster quality of the link-based clus-
tering. Although useless terms are removed by the stop word removal, a lot of unimportant
terms still exists. This causes a noise in the data and the clustering worsen. A problem which
arises is that the link-based clustering approach depends on the quality of the articles and thus
on the quality of the linkage. Since the linkage of an article is made by users, the important
terms are defined subjectively. This can lead to problems, as it is shown in the analyses.

The validation of the results should be proven with other data sets. For example the link-
based clustering should be evaluated again with analyses on very large data sets including a
lot of topics. The clustering algorithm Agnes achieves the best overall results, but the com-
plexity of this algorithm is high. Consequently a more suitable clustering algorithm has to
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be found. Maybe the clustering algorithm PAM achieves better results than the clustering
algorithm Agnes using very large data sets. On the other side, further clustering algorithm
and dimension reduction methods should be compared with the actual results. For example
the independent component analysis, which has the best results in the work from TaNG ET
AL. [209] [210], should be implemented and compared with the actual methods. Another
possibility is the change of the order of the dimension reduction methods. In these analyses,
feature selection is executed before feature transformation.

Since the selection of suitable dimension reduction parameters is very complex in this work,
better approaches have to be found. In addition the methods for the evaluation of the clus-
tering results should be enhanced. This will be very important, if no better approach for the
definition of appropriate dimension reduction parameters can be found. The external qual-
ity analysis requires the optimal clustering solution. This is unapplicable in practice. The
internal quality analysis is applicable in practice, but the measures actually used (Dunn In-
dex, SD Validity Index) produce wrong results. The performance analysis is suitable for the
evaluation. But the performance analysis doesn’t evaluate the correctness of the results. Con-
sequently further methods for the evaluation of the cluster quality have to be found.

Since the optimal solution was not found with the link-based clustering as well, the topic
detection has to be further improved. There are two approaches for improving the results:
The enhancement of the methods and the enhancement of the underlying data.

The methods can be enhanced by the use of overlapping clusters to solve the problem with
general articles (described in Section 4.3.4, p. 63). As described, further methods for clus-
tering and dimension reduction, which are better than the actual methods, can be searched.
Another possibility to improve the clustering is the tokenization of the article titles (described
in Section 4.3.1, p. 36). In this case, the words of articles like DNA sequence and Chronic
toxicology are separate terms for the clustering. The approaches can be enhanced by using
NLP methods. The resolution of synonyms (synonym detection, described in Section 4.3.1,
p.- 39) and homonyms (word-sense disambiguation, described in Section 4.3.1, p. 39) and the
identification of important word groups and phrases (multiword phrase grouping, described
in Section 4.3.1, p. 39) are possibilities for extending the clustering. The extraction of terms
can be extended by applying syntactical and semantical analyses such as Part-Of-Speech tag-
ging (described in Section 4.3.1, p. 40) or parsing (described in Section 4.3.1, p. 39). With
these methods the words are classified into nouns, verbs, adjectives, adverbs, conjunctions,
foreign words, etc.

Furthermore it is possible to improve the underlying data. For example, the link-based clus-
tering could consider the frequency of links as well. Maybe the extraction of subtitles from
the text can enhance the clustering quality. Actually only the outgoing links of a content
element are considered. The use of ingoing links or the use of the intersection of outgoing
and ingoing links could improve the results. A combination of both clustering approaches
seems to be a very interesting possibility for topic clustering. One possibility is, that only
terms which are links will be considered (link-based), but the frequency of the link-term is
the absolute frequency of the term in the text (content-based). Another possibility combines
both approaches in another way. First a threshold has to be determined. This threshold de-
fines the number of links, which a text should have in order to be included. If a text has fewer
links, the content-based approach will be used. In the other case, only the links will be used
for describing the article.

Another very important extension for the detection of topics is the definition of terms which
describe each topic cluster. A possible approach is given by SIROKER ET AL. [198].
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The defined methods for topic detection can used for many Wiki analyses. It is possible to
analyze Wikis on topic area, e.g. analyses of the author activity in or between topics or the
identification of the main topics. The analysis of the author activity in a topic is helpful by the
identification of topic specialists. By considering the development of a Wiki, the detection of
new topics and their development is possible. Thus trends concerning the content develop-
ment can be identified. Many Wikis are very large and therefore the analysis can be complex
and confusing. The analysis on topic area reduces the complexity. The validity of the Wiki
categorization can be proven as well. Furthermore it is possible to evaluate the validity of the
Wiki-links. In this context, the articles of a topic cluster have to be linked.

One of the next steps could be the implementation of the described ideas for improvements.
Furthermore it can be proven whether the link-based clustering approach achieved good re-
sults in other information spaces (blogs, news articles, online forums, etc.) as well. If this
is the case, analyses on other social information spaces can be executed. Otherwise, the
content-based clustering will have to be used or another possibility for topic detection may
have to be developed. Since the methods are applied on a general data model, no changes
at the implementation are necessary. Actually the implemented metric is applied on content
elements. But it is possible to apply the clustering metric on actors as well. The results are
clusters with actors, who work on same topics. Based on this approach, the identification of
communities is possible.

The developed topic detection approaches can be used in practice as well. For example, for
the detection of business topics in news or the detection of sentiments in social information
spaces like Twitter. The main sentiments about movies or something else can be identified by
clustering the sentiments based on their content. The detection of trends is a further practical
use. In this context, the main topics in news, blogs etc. are identified for different periods
of time. The results can be used for evaluating the influence of specific events and thus for
marketing and public relation strategies.
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A. List of Abbreviations

Al Artificial Intelligence
BE Backward Elimination
BIC .. Bayesian Information Criterion
BIRCH ........ Balanced Iterative Reducing and Clustering using Hierarchies
BSC .. Bipartite spectral co-clustering
CACTUS ... Categorical Clustering Using Summaries
CCA Curvilinear Component Analysis
CDA . Curvilinear Distance Analysis
CFRA Confirmatory Factor Analysis
CL o Computational Linguistics
CLINK ... Complete-link Hierarchical Clustering
CLITeE .. ooieiii i Clustering based on Decision Trees
CU o Category Utility
CURE ... Clustering using Representatives
DA Deterministic Annealing
DBSCAN ....... Density-Based Spatial Clustering of Applications with Noise
DBCLASD ......... Distribution-Based Clustering of Large Spatial Databases
DENCLUE ... Density based Clustering
DF Document Frequency
DIANA Divisive Analysis
DM Data Mining
DOC ... Density-based Optimal Projective Clustering
DR Dimension Reduction
EFA Exploratory Factor Analysis
EM Expectation-Maximization
ENCLUS ... Entropy-based Clustering
ESA Explicit Semantic Analysis
FDA . Fisher Discriminant Analysis
B Forward Selection
FSC . Fuzzy Subspace Clustering
FSSEM ... .. Feature Subset Selection using EM clustering
GA . Genetic Search uses a genetic algorithm
GDILC ... Grid-based Density-IsoLine Clustering
GP Graph Partitioning
GTM . Generative Topographic Map
HMM Hidden Markov Model
ICA . Independent Component Analysis
TE Information Extraction
LG Information Gain
InfoSpace ........ .. i Social Information Space
IR Information Retrieval
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ISOMAP ... Isometric Feature Mapping
KDA .. Kernel Discriminant Analysis
KDD ... Knowledge Discovery in Databases
KEA .. Keyword Extraction Algorithm
LDA Linear Discriminant Analysis
LDM . Lafon’s Diffusion Maps
LLE . Local Linear Embedding
LS Laplacian Score
LS A Latent Semantic Analys60is
LT Latent Semantic Indexing
MAFIA .. Merging of Adaptive Finite Intervals
mBM ... Multivariate Bernoulli model
MDS Multidimensional Scaling
M Mutual Information
MNM Multinomial model
MWE Multiword Expressions
NLP .o Natural Language Processing
NMF .. Non-negative Matrix Factorisation
OR Odds Ratio
PART ... ... Projective Adaptive Resonance Theory
PCA Principal Component Analysis
PDDP ... ... ... Principal Direction Divisive Partitioning
POS Part-of-Speech
PPCA ... .. Probabilistic Principal Component Analysis
PROCLUS ... Projected Clusting
RM . Random Mapping
RSP . Repeated-String-Patterns
ROCK ... Robust Clustering using Links
RP Random Projection
S A Simulated Annealing
SARS ... Simulated Annealing using Random Sampling
SIS e Social Information Space
SLINK ... Single-link Hierarchical Clustering
STING ................ Statistical Information Grid-based Clustering Method
S Semantic Mapping
SN A Social Network Analysis
SOM Self-Organizing Maps
SRM Sparse Random Mapping
ST C o Suffix Tree Clustering
SUBCAD ........ Subspace Clustering for High-dimensional Categorical Data
SVD Singular Value Decomposition
TV Term Frequency Variance
M Text Mining
S Term Strength
W Term Weight
ORCLUS ................. Arbitrarily Oriented Projected Cluster Generation
VM e von Mises-Fisher
VM Vector Space Model



Variable Neighborhood Search

... Word-based Soft Clustering
.. Word-Sense Disambiguation
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Glossary

Anaphora resolution Anaphora resolution is the process of resolving indirect references
by using noun phrase, like he or herself., 39

Antonym Different words with an opposite meaning, such as short and tall., 27

Artificial Intelligence It is a research field devoted to developing programs that enable
computers to display behavior that can (broadly) be characterized as intelligent., 83

Bigram Proximity Matrix Encodes a document as a matrix. The element xy of the matrix
is the number of times the i-th term appears before the j-th term., 45

Center-based Clustering By this algorithms each cluster is represented by a center., 63

Chinese Whispers A randomized graph-clustering algorithm which considered the neigh-
bors for each node., 69

Classification Classification is a technology for grouping objects into categories., 75

Clustering Clustering group similar objects into clusters. Thus there are a high similarity
between objects of the same group (homogeneity within the cluster) and a low similar-
ity between objects of different groups (heterogeneity between the clusters)., 63

Co-occurrence These are words which often occur together in a text, such as Los - Angeles,
hard - disk and police - arrested., 277

Collocation An expression of two or more words, which make sense together, such as zero
tolerance., 27

Coreference Resolution Is the process of locating noun phrases which refer to a entity.
The noun phrases describes the entity., 40

Corpus A collection of documents, e.g. articles, newspapers, web pages and eMails., 27

Covariance matrix A matrix including the correlations between variables., 51

Data Mining It is a research field to discover patterns and relationships in data that may be
used to make valid predictions., 82

Denoising Denoising removes the noise from the data while preserving useful information.,
48

Density-based Clustering Density-based Clustering uses connectivity and density func-
tions for clustering. The resulted clusters are dense areas seperated by low-density
areas., 63

Dictionary see Lexicon, 27
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Glossary

Disjunct Clustering Using Disjunct Clustering each object will be assigned to one cluster.,
63

Dissimilarity matrix Based on a term document matrix it is possible to derive a dissimilar-
ity matrix. Each column and row represents a document or term and the values describe
the pairwise dissimilarity of the documents or terms., 44

Entity Extraction Is the process of locating and classifying elements in text, such as names
of persons, organizations, locations, dates, times, etc., 40

Fuzzy Clustering Fuzzy Clustering extends the clustering to Overlap Clustering. Each data
point is associated with every cluster using a membership function., 63

Glossary A list of difficult, technical or specialized terms with their definitions., 27

Grammar Grammar defines the structure of words (morphology) and sentences (syntax).,
27

Graph-based Clustering Graph-based Clustering apply clustering on a graph to partition
them., 63

Grid-based Clustering Grid-based Clustering algorithms work with the value space of the
data objects and not with the data objects like other clustering algorithms. By this
approach a grid structure will be created and used for the clustering., 63

Hidden Markov model Statistical model for modeling a system with unobserved state., 29

Hierarchical Clustering Hierarchical clustering creates a hierarchy of clusters which can
be represented in a tree diagram, called dendrogram., 63

Hierarchical Clustering This clustering techniques creates a hierarchy of clusters. The
hierarchy can be represented in a dendrogram., 66

Homonym A word that has different meanings, such as bank., 27

Indexing Is the automatic extraction/detection of keywords in a text., 75

Information Extraction A research field which study the automatic extraction of structured
information such as entities, relationships between entities, and attributes describing
entities from unstructured sources., 77

Information Retrieval A research field which study the finding of documents that satisfy
some search criteria., 79

K-means A center-based clustering algorithm, at which each cluster is represented by a
centroid and the objects of a cluster have a minimal distance to the centroid., 68

Keyword Significant or descriptive terms, which describes a document very well, 27

Keyword Extraction Is the automatic extraction/detection of keywords in a text., 75
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Latent Semantic Analysis Revealing of the semantic information from a corpus by the
transformation into a semantic space using singular value decomposition and denois-
ing., 48

Latent Semantic Indexing See: Latent Semantic Analysis, 48

Lemmatization Lemmatization transform a word to its basic form, is called the lemma., 38
Lexeme A set of words that are different forms of the same base word., 27

Lexicon The set of all unique terms in the corpus., 27

Linguistic The science of the nature and structure of natural language, including phonetics,
phonology, morphology, syntax and the fields of semantics., 27

Mandelbrot-Zipfs law Enhancement of Zipfs law for describing the dependency between
rank and frequency., 29

Matrix diagonalization The decomposition of a square matrix into eigenvalues and eigen-
vectors., 33

MediaWiki MediaWiki is a Wiki implemenation. It is a open source software developing
from the Wikimedia Foundation., 18

Model-based Clustering Model-based Clustering uses certain models for clusters and tries
to find the best fit between the data set and the models., 63

Morpheme The smallest meaningful unit in a language., 27
Morphology Morphology is the study of the composition of words., 27

Multidimensional Scaling It transforms a dissimilarity matrix into a lower-dimensional
representation whereby the relationships should be maintained. The method will be
used frequently for visualization and approximation., 55

Multiword Phrase Grouping The detection and extraction of multiword expressions, like
add up, telephone box or Los Angeles., 38

N-gram model Probabilistic model for modeling sequences of events., 29

Natural Language Processing It is a research field between linguistics and computer sci-
ence which is concerned with the computational aspects of the human language., 79

Ontology An ontology is a formalization of a common understanding of words for an ap-
plication or subject., 27

Overlap Clustering Using Overlap Clustering each object can be assigned to more than
one cluster., 63

Parsing The syntactic analysis of the structure of a sentence according to a certain grammar
theory. This allows the extraction of the subject, object, etc., 39
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Glossary
Part-of-Speech Tagging Part-of-Speech Tagging (POS-Tagging) is the grammatical tag-
ging of a text. It determines the part of speech of each word., 40

Phrase A group of two or more linked words that functions as a single unit in the syntax of
a sentence., 27

Polysem A word that has different meanings but they are similar, such as wood., 27

Principal Components Analysis Reduces the dimensions of a data set into a lower di-
mensional space, in which the main part of the data variance is. The lower dimensional
space is defined by eigenvectors, called principal components., 51

Reference corpus A collection of documents for comparative purposes., 27

Relation Extraction Is the process of locating and classifying of relationships between en-
tities. A relation can be defined over two or more entities, e.g. is employee of or capital
of., 40

Search-based Clustering Compared to many other clustering algorithm, like fuzzy k-
means, fuzzy c-means and hill climbing, Search-based Clustering algorithms find a
globally optimal solution by exploring the solution space., 63

Semantics The study of meanings of words, phrases, sentences and texts. It is important
for understanding language in social contexts., 27

Sentence The largest independent unit of grammar, that expresses a complete idea. Con-
ventionally, a sentence includes a subject and a verb. It begins with a capital letter and
concludes with an end mark, like a period, an exclamation point or a question mark.,
27

Significant Co-occurrences Significant co-occurrences are terms those arise very often
together., 75

Singular Value Decomposition Factors a matrix A into 3 matrices A = TSD”, which al-
low a simple matrix approximation for example., 33

Stemming The reduction of words to its root or stem by removing suffixes and prefixes., 37
Stop word removal The removal of stop words from a text document., 36

Stop words Words, which do not contribute meaningful content to a text document, like
the, and, but, or., 36

Subspace Clustering By this approach the clusters are embedded in subspaces of the data
set. The subspaces have their own dimensions. Compared to clustering with dimension
reduction no information will be lost., 63

Synonym Different words with an identical or similar meaning, such as bucket and pail., 27

Synonym Detection Is the process of the detection of synonymous terms and the following
conflation., 39
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Syntax The rules of syntax describe, how words in phrases and sentences may be combined.,
27

Table Model Model for saving the terms of documents in tables, e.g. database tables., 43

Taxonomy Hierarchical structure of words. This type of classification points out similarities
between words., 27

Technical Terminology All technical terms of the field, which are generally usual., 27
Term A word or a phrase., 27

Term document matrix The documents of a corpus can be saved in a term document ma-
trix. In this matrix each row represents a term and each column represents a document.
An element of the matrix contains the weight of the i-th term in the j-th document., 44

Term Weighting Is the weighting of a term by a specific function., 42

Text Chunking Text chunking is the dividing of sentences into non-overlapping phrases.,
40

Text Mining Is a natural language extension of the data mining research field for discovering
of new, previously unknown information., 80

Text Summarization A method for shortening/summarizing of text, e.g. the automatic cre-
ation of an abstract., 75

Thesaurus A thesaurus is a dictionary which contains the semantic relations for words, e.g.
synonyms, sometimes antonyms and contrasting words., 27

Token see Term, 27
Tokenization The process of splitting a text document into meaningful units., 36
Topic Detection The extraction/detection of topics in a document or a corpus., 75

Topic map A collection of topics, their relations and information sources, which are relevant
for the topics. It defines a model of knowledge structures. In this model, the knowledge
of a topic are collected., 27

Vector Space Model The vector space model allows the presentation of documents and
search queries as vectors., 44

Visualization Methods for a visual representation of information, data or knowledge., 75

Wiki A Wiki is a website which can be read and edited by everyone. There is no pre-defined
structure. The structure will be build by a collaborative process of the users., 18

Wikipedia A Wikipedia Wiki is an internet encyclopedia which is generating cooperatively
by many users., 18

Word The combination of morphemes., 27
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Word-Sense Disambiguation Word Sense Disambiguation (WSD) tries to resolve the am-
biguity of terms., 39

Zipfs law Defines that the frequency of any word is inversely proportional to its rank., 29
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E. Topics of Data Sets

E.1. Data Set |

Topic: Astronomy

#Revs #Users #Links #Terms

Andromeda Galaxy 1253 261 228 651
Asteroid 2681 634 346 1000
Astrology 5600 807 354 1106
Astrology and astronomy 244 49 121 545
Astronomy 3582 976 526 1224
Atmosphere 1004 318 208 384
Big Bang 4970 996 364 1039
Black hole 3834 1047 375 1242
Comet 3010 761 389 1136
Cosmic neutrino background 54 9 41 166
Dark energy 1101 283 174 707
Dark matter 2377 671 283 823
Definition of planet 2326 169 243 1099
Earth 5924 1505 562 1415
Event horizon 379 113 106 325
Extrasolar planet 1208 150 350 965
Galaxy 1557 376 354 935
Galaxy filament 142 19 84 261
Galaxy formation and evolution 293 56 88 475
Galaxy groups and clusters 206 50 99 290
Jupiter 1017 240 448 1165
Mars 507 100 526 1626
Mercury (planet) 1199 274 410 1143
Meteoroid 1236 379 144 608
Milky Way 3273 887 367 948
Moon 6877 1486 502 1422
Neptune 5177 1296 345 1085
Neutron star 1047 299 216 654
Observable universe 494 76 104 410
Outer space 1410 393 228 620
Outline of astronomy 121 6 218 417
Physical cosmology 534 127 232 679
Planet 2733 551 551 1259
Ring galaxy 45 8 37 69
Saturn 4817 1228 322 966
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Sirius 1556 301 299 962
Sky 1880 538 131 184
Solar telescope 72 11 48 145
Spiral galaxy 474 123 134 378
Star 1741 466 537 1179
Sun 3062 824 647 1467
Supercluster 172 50 91 175
Supermassive black hole 670 236 103 345
Supernova 2898 734 293 855
Terrestrial planet 442 120 144 367
Universe 4359 1208 551 1340
Uranus 5378 1204 380 1162
Vacuum 1194 269 357 1125
Venus 5080 1361 487 1415
Wormhole 1588 551 146 563
@ 2055.96 49192 28586 810.42
Topic: Oceanography

#Revs #Users #Links #Terms
Algae 2598 509 289 870
Aquaculture 975 267 196 819
Arctic Ocean 937 244 381 859
Argo (oceanography) 126 15 42 301
Atlantic Ocean 2388 705 404 961
Cetacea 645 169 288 685
Cetology 125 19 67 332
Chemical oceanography 55 10 36 86
Current sea level rise 1404 264 176 904
Deep sea 284 100 76 381
Deep sea creature 80 18 34 319
Dolphin 2885 642 335 1267
Drift ice 89 9 52 154
Fish 3799 998 518 1490
Fisheries science 71 4 80 241
Fishery 395 69 101 260
Fracture zone 28 11 10 50
Global warming 7489 1402 339 986
Gulf Stream 786 207 136 472
Halocline 72 11 31 113
Indian Ocean 1330 381 299 634
Jellyfish 3791 1241 270 1090
Marine biology 2501 762 288 595
Marine geology 42 8 50 167

174



E.2. Data Set 11

Marine mammal 278 75 86 277
Mid-ocean ridge 617 193 104 304
Ocean 2892 842 302 686
Ocean current 911 259 151 314
Oceanic basin 111 24 62 127
Oceanic plateau 47 4 39 121
Oceanic trench 561 145 187 776
Oceanography 1541 409 192 537
Pacific Ocean 2421 744 440 839
Physical oceanography 389 48 195 677
Planktology 41 4 30 79
Plankton 1065 326 200 426
Porpoise 537 154 80 298
Sapropel 21 2 16 99
Sea 948 292 268 268
Sea ice 267 57 81 339
Sea monster 631 184 106 395
Sea otter 2610 518 269 1340
Seamount 199 53 76 378
Seawater 852 251 106 406
Seaweed 887 253 130 447
Southern Ocean 840 229 212 567
Submarine canyon 76 19 66 170
Thermocline 134 31 56 280
Whale 3089 872 193 791
World Ocean Atlas 30 4 55 116
@ 1097.80 281.14 164.00 501.86

E.2. Data Set Il

Topic: Artificial Intelligence

#Revs #Users #Links #Terms

Affective computing 188 24 42 227
Al-complete 65 15 43 272
Artificial intelligence 3364 903 506 1305
Automated planning and scheduling 51 11 44 153
Autonomous robot 248 66 56 458
Cognitive robotics 83 18 30 220
Commonsense knowledge base 35 2 27 97
Computational creativity 53 14 91 826
Computational intelligence 138 38 46 113
Computer vision 686 161 78 508
Constraint programming 149 55 60 208
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Evolutionary algorithm 235 81 86 350
Fuzzy control system 131 32 59 618
Fuzzy logic 919 270 179 594
Hilbert system 186 9 49 211
Intelligent agent 250 43 78 306
Knowledge representation 321 88 136 496
Logic programming 387 68 122 615
Machine learning 524 165 106 338
Multi-agent system 280 92 48 326
Robotics 986 282 290 1191
Software agent 260 83 89 514
Speech recognition 1157 363 131 739
Strong Al 553 119 139 753
Turing test 934 249 192 987
@ 487.32  130.04 109.08  497.00
Topic: Computer Programming

#Revs #Users #Links #Terms
Boilerplate (text) 140 38 31 200
Branching (software) 34 7 18 100
Code refactoring 447 128 123 348
Code review 176 64 39 176
Coding conventions 57 4 52 249
Computer programming 1766 546 178 588
Control flow 466 84 132 484
Data structure 513 144 86 188
Debugging 382 90 73 404
Design pattern (computer science) 1090 351 171 544
Divide and conquer algorithm 267 55 90 419
Field encapsulation 30 8 16 122
High-level programming language 321 98 70 241
Imperative programming 218 63 108 298
Interpreted language 231 61 95 207
Interpreter (computing) 313 81 85 241
Low-level programming language 161 49 36 119
Programmer 606 181 130 474
Quantum programming 46 10 33 213
Redundant code 48 5 17 60
Revision control 579 194 124 479
Source code 523 167 121 351
Spaghetti code 182 54 64 233
Stack trace 31 4 9 50
Unreachable code 75 18 26 143
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@ 348.08 100.16 77.08  277.24

E.3. Data Set Il

Topic: Genetics

#Revs #Users #Links #Terms

Beta-catenin 45 7 36 203
Chromosome 2252 758 297 807
Chromosome abnormality 127 41 38 128
Combined DNA Index System 123 30 38 300
Cytogenetics 164 37 106 583
DNA 4469 863 453 1165
DNA sequence 109 22 43 112
fruitless (gene) 60 7 36 190
Full genome sequencing 301 7 89 470
Gene 2116 497 329 881
Gene bank 51 14 20 64
Gene cassette 21 3 23 77
Gene conversion 68 21 21 132
Gene family 33 5 22 74
Genetic analysis 21 1 16 48
Genetic engineering 4167 1323 133 428
Genetic evolution 13 3 15 73
Genetics 2778 734 323 925
Genetics of aggression 86 9 76 409
Genome size 42 11 75 315
Mutation 1569 4717 184 570
Nanopore sequencing 27 3 18 198
Nucleic Acid Notations 28 0 6 281
Protein family 52 10 54 259
Telomere 472 163 154 814
@ 767.76  201.84 104.20 380.24

Topic: Immunology

#Revs #Users #Links #Terms

Allergen 173 43 137 251
Allergy 1601 406 313 971
Antibody 1505 307 313 879
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Antigen 438 157 99 216
Granulocyte 128 23 117 353
Immune system 2874 740 439 1088
Immune tolerance 83 18 34 227
Immunity (medical) 195 38 136 543
Immunoglobulin class switching 37 11 41 138
Immunology 343 103 127 639
Infection 435 152 90 226
Lymphocyte 357 112 128 308
Monoclonal antibodies 359 101 153 654
Phagocyte 1052 75 252 948
Polyclonal antibodies 88 29 44 476
T cell 574 179 129 408
White blood cell 1490 542 159 398
@ 690.12 178.59 15947 513.12
Topic: Medical

#Revs #Users #Links #Terms
Clinic 145 24 63 242
Doctor-patient relationship 32 5 23 316
Hospital 1030 242 301 925
Medical diagnosis 356 79 166 524
Medical terminology 158 33 37 251
Medicine 2965 735 509 1330
Meta-Medicine 59 11 16 326
Nosology 69 10 52 126
Patient 185 33 65 148
Physician 1563 385 198 564
@ 656.20 155.70 143.00 475.20

Topic: Toxicology

#Revs #Users #Links #Terms
Acute toxicity 29 8 26 77
Asbestos 2031 570 266 1430
Chronic toxicity 22 9 10 48
Draize test 222 34 57 522
Drug overdose 431 151 149 462
Ecotoxicology 63 9 31 178
Fluoride poisoning 201 37 82 457
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Haber’s rule 14 1 20 65
Lead poisoning 876 249 229 1119
Marsh test 82 12 46 272
Poison 942 247 237 554
Sarin 541 171 169 580
Toxicology 531 149 90 259
Toxin 427 105 117 295
@ 458.00 125.14 109.21  451.29

E.4. Data Set IV

Topic: Astronomy [5]

#Revs #Users #Links #Terms

Asteroid 2681 634 346 1000
Astronomy 3582 976 526 1224
Big Bang 4970 996 364 1039
Galaxy 1557 376 354 935
Universe 4359 1208 551 1340
) 3429.80 838.00 42820 1107.60

Topic: Genetics [5]

#Revs #Users #Links #Terms

Chromosome 2252 758 297 807
DNA 4469 863 453 1165
Gene 2116 497 329 881
Gene family 33 5 22 74
Genetics 2778 734 323 925
@ 2329.60 57140 284.80  770.40

Topic: Oceanography [5]

#Revs #Users #Links #Terms

Algae 2598 509 289 870
Aquaculture 975 267 196 819
Fishery 395 69 101 260
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Ocean 2892 842 302 686
Oceanography 1541 409 192 537
@ 1680.20 419.20 216.00 634.40
Topic: Computer Programming [5]
#Revs #Users #Links #Terms
Code refactoring 447 128 123 348
Computer programming 1766 546 178 588
Debugging 382 90 73 404
Programmer 606 181 130 474
Spaghetti code 182 54 64 233
@ 676.60 199.80 113.60 409.40
Topic: Tourism [5]
#Revs #Users #Links #Terms
Holiday 2088 616 153 340
Tour guide 225 54 26 101
Tourism 3198 893 331 875
Tourism geography 74 16 31 140
World Tourism Organization 169 32 47 327
@ 1150.80 32220 117.60  356.60
Topic: Toxicology [5]
#Revs #Users #Links #Terms
Acute toxicity 29 8 26 77
Chronic toxicity 22 9 10 48
Poison 942 247 237 554
Toxicology 531 149 90 259
Toxin 427 105 117 295
@ 390.20 103.60  96.00 246.60
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F. Analyses Results

F.1. Clustering Case 1 - Clustering Algorithm

PAM bisPAM Agnes Diana | 2
Data Set I 0.518 0.518 0.355 0980 | 0.593
Data Set II 0.626 0.626  0.376  0.920 | 0.637
Data Set III 0.530 0.383 0.164 0.564 | 0.410
Data Set IV 0.897 0.533  0.625 0.598 | 0.663
%) 0.643 0.515 0.380 0.766 \ 0.5760
Table F.1.: F-measure: Content-based clustering
PAM bisPAM Agnes Diana @
Data Set I 1.99 1.99 1.54 1.93 | 1.862
Data Set I 1.79 1.79 1.45 1.72 | 1.688
Data Set I1I 1.44 1.61 0.7 1.27 | 1.253
Data Set IV 1.19 0.88 0.75 0.95 | 0.943
@ 1.601 1.567 1.109  1.468 \ 1.436
Table F.2.: Dunn Index: Content-based clustering
PAM DbisPAM Agnes Diana %)
Data Set I 3.29 3.29 1.22 3.27 | 2.768
Data Set 11 32 32 1.38 3.12 | 2.725
Data Set III 7.74 8.48 1.54 6.93 | 6.175
Data Set IV 11.78 8.45 6.74 9.35 | 9.083
@ 6.505 5.857 2720 5.669 \ 5.188
Table F.3.: SD Validity Index: Content-based clustering
PAM  bisPAM Agnes Diana @
Data Set I 1293.840 2133.777 1278.988 1264.008 | 1492.653
Data Set II 487.816 937971  465.899  429.096 | 580.196
Data Set 111 685.785 2050.063  737.135  750.041 | 1055.756
Data Set IV 451.773  2062.323  509.853  503.363 | 881.828
@ 729.803 1796.033  747.969  736.627 \ 1002.608

Table F.4.: Computing Time: Content-based clustering
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F. Analyses Results

PAM bisPAM Agnes Diana | %)
Data Set I 0.725 0960 0970 0.366 | 0.755
Data Set II 0.670 0.670  0.980 0.556 | 0.719
Data Set I1I 0.535 0.551 0.673 0.554 | 0.578
Data Set IV 0.912 0.543 0.841 0.704 | 0.750
%] 0.711 0.681 0.866  0.545 ‘ 0.701

Table F.5.: F-measure: Link-based clustering

PAM DbisPAM Agnes Diana %)
Data Set I 1.86 1.86 1.84 1.82 | 1.843
Data Set II 1.76 1.76 1.87 1.63 | 1.755
Data Set I1I 1.8 1.37 1.39 1.55 | 1.528
Data Set IV 1.02 0.85 0.76 0.93 | 0.889
%] 1.610 1.460 1.464 1481 ‘ 1.504

Table F.6.: Dunn Index: Link-based clustering

PAM DbisPAM Agnes Diana %)
Data Set I 3.23 3.23 3.24 4.37 | 3.520
Data Set 11 3.25 3.25 3.28 4.94 | 3.680
Data Set III 7.91 7.79 6.52  11.27 | 8.370
Data Set IV 11.97 8.37 9.85 8.01 | 9.549
%) 6.589 5.662  5.721  7.147 \ 6.280

Table F.7.: SD Validity Index: Link-based clustering

PAM  bisPAM Agnes Diana 2
Data Set I 1154210 2023.773 1147.287 1155.937 | 1370.302
Data Set II 282399  774.602  309.310 312428 | 419.685
Data Set III 528.102 1800.646  465.871  442.660 | 809.320
Data Set IV 349.029 1825.790  352.498  355.586 | 720.726
@ 578.435 1606203 568741  566.653 | 830.008

Table F.8.: Computing Time: Link-based clustering

F.2. Clustering Case 2 - Feature Selection

100% 90% 80% 70% 60% 50% 40% 30% 20% 10%
Data Set I 098 084 084 066 066 066 042 038 038 0.36
Data Set II 092 071 071 043 045 045 045 049 038 0.38
Data Set III 056 056 044 046 045 036 028 033 025 025

182



E3. Clustering Case 3 - Feature Transformation

Data Set IV 060 060 060 084 060 075 046 036 028 028
Average 077 068 065 060 054 056 040 039 032 031

Table F.9.: F-measure: Content-based clustering, Diana

100% 90% 80% 70% 60% 50% 40% 30% 20% 10%

Data Set I 052 052 052 051 053 076 077 077 070 0.36
Data Set II 063 063 063 063 065 062 057 048 038 0.38
Data Set III 053 053 053 053 049 046 044 045 0.17 0.17
Data Set IV 090 090 090 09 087 087 0.66 056 033 033
Average 064 064 064 064 063 068 0.61 057 039 031

Table F.10.: F-measure: Content-based clustering, PAM

100% 90% 80% 70% 60% 50% 40% 30% 20% 10%

Data Set I 097 097 098 036 038 0.00 0.00 0.00 0.00 0.00
Data Set I 098 098 09 09 038 0.00 0.00 0.00 0.00 0.00
Data Set I1I 0.67 1.00 020 020 000 0.00 0.00 0.00 0.00 0.00
Data Set IV 0.84 097 084 028 000 0.00 0.00 0.00 0.00 0.00
Average 0.87 098 074 045 0.19 0.00 0.00 0.00 0.00 0.00

Table F.11.: F-measure: Link-based clustering, Agnes

100% 90% 80% 70% 60% 50% 40% 30% 20% 10%

Data Set I 073 093 087 061 061 036 036 036 036 036
Data Set I 067 049 049 045 038 038 038 038 038 038
Data Set III 054 055 050 046 017 0417 017 0.17 0.17 0.17
Data Set IV 091 08 087 033 033 033 033 033 033 033
Average 071 072 068 047 037 031 031 031 031 031

Table F.12.: F-measure: Link-based clustering, PAM

F.3. Clustering Case 3 - Feature Transformation

1 2 3 4 5 6 7 8 9 10

Data Set I 4458 37.06 33.84 33.02 31.88 3141 31.24 31.01 3090 30.68
Data Set I 3538 3211 2795 2723 23.65 2241 20.66 2049 1922 18.77
Data Set III 40.89 33.84 3284 3213 28.68 25.66 25.09 2481 2455 2447
Data Set IV 31.62 27776 27.61 2649 2627 2574 2541 2377 2321 2251

15 20 25 30 35 40 45 50 55 60

Data Set I 27.68 2627 2494 2297 2146 2046 1833 17.28 1622 15.63
Data Set II 16.69 15.62 1352 11.03 977  8.61 695 3.88
Data Set IIT 21.51 1927 1792 1526 13.88 1271 12.08 1046 873 641
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F. Analyses Results

Data Set IV 18.62 14.69 10.53 3.53

65 66 70 75 80 85 90 95 100
Data Set I 1437 13.06 1197 11.32 9.78 8.04 6.89 4.74
Data Set II
Data Set I1I 3.22
Data Set IV

Table F.13.: Singular values: Content-based clustering, no feature selection
1 2 3 4 5 6 7 8 9 10

Data Set I 4458 37.06 33.83 33.02 31.86 31.41 31.23 31.01 30.90 30.68
Data Set 11 3536 3209 2793 2722 23.64 2239 20.64 2048 19.21 18.76
Date Set 111 40.87 3379 32.84 32.11 28.64 2557 25.06 2479 2454 24.46
Data Set IV 31.52 27.68 27.54 26.38 26.23 25.67 2539 23.72 23.13 2247

15 20 25 30 35 40 45 50 55 60
Data Set I 27.68 2627 2493 2296 2145 2045 1832 17.28 1622 15.62
Data Set 11 16.69 15.61 13.51 11.02 9.76 8.59 6.95 3.87
Date Set 111 21.50 19.25 1791 1524 13.86 12.70 12.06 10.45 8.73 6.41
Data Set IV 18.58 14.67 10.51 3.50

65 66 70 75 80 85 90 95 100
Data Set I 14.37 13.06 11.96 11.32 9.78 8.04 6.88 2.95
Data Set 11
Date Set I11 3.21
Data Set IV

Table F.14.: Singular values: Content-based clustering, 50% feature selection
1 2 3 4 5 6 7 8 9 10

Data Set I 41.04 37.12 3636 3582 3549 3490 3454 3436 3253 3221
Data Set 11 31.20 26.27 1999 19.81 19.70 1845 18.19 17.62 1698 16.77
Data Set I11 3468 2928 2850 2792 27.10 2552 25.07 24.06 2396 23.79
Data Set IV 2997 2838 26.00 25.38 25.03 23.66 2276 22.68 2235 22.19

15 20 25 30 35 40 45 50 55 60
Data Set I 30.89 29.73 2833 27.12 25.69 2358 21.73 2036 18.76 17.61
Data Set 11 14.68 13.58 12.68 10.82 9.22 8.18 5.97 3.87
Data Set 111 20.37 1831 1596 1450 13.61 11.32 10.04 8.57 7.33 5.44
Data Set IV 17.83 14.01 9.22 3.50

65 66 70 75 80 85 90 95 100
Data Set I 15.64 1475 13.69 1241 10.98 9.72 7.58 451
Data Set 11
Data Set 111 3.81
Data Set IV
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E3. Clustering Case 3 - Feature Transformation

Table F.15.: Singular values: Link-based clustering, 90% feature selection

1 2 3 4 5 6 7 8 9 10
Data Set I 027 058 049 052 075 058 044 0.78 044 0.51
Data Set II 048 054 046 054 0.60 060 045 057 0.60 0.50
Data Set I11 027 035 028 028 058 053 056 056 060 0.55
Data Set IV 037 035 056 043 0.63 052 039 050 032 0.35
15 20 25 30 35 40 45 50 55 60
Data Set I 085 079 093 0.77 0.78 0.75 0.75 081 0.64 0.74
Data Set I1 080 066 045 0.84 084 049 049 092
Data Set I11 052 033 040 043 055 032 032 040 0.50 0.30
Data Set IV 038 041 045 0.60
65 66 70 75 80 85 90 95 100
Data Set I 0.72 083 086 0.38 030 032 029 0098
Data Set I1
Data Set I11 043 0.56
Data Set IV
Table F.16.: F-measure: Content-based clustering, Diana
1 2 3 4 5 6 7 8 9 10
Data Set I 0.57 057 054 0.60 083 0.73 056 072 0.69 0.68
Data Set 11 066 050 050 054 046 048 031 050 054 0.61
Data Set 111 032 038 041 037 060 0.77 071 066 0.73 0.59
Data Set IV 041 042 048 055 059 044 050 052 045 049
15 20 25 30 35 40 45 50 55 60
Data Set I 082 069 0.75 076 0.80 084 079 0.77 0.74 0.67
Data Set I1 074 066 0.74 0.68 0.60 0.75 056 0.62
Data Set I11 059 047 051 041 046 049 051 043 038 0.28
Data Set IV 0.59 070 048 0.87
65 66 70 75 80 85 90 95 100
Data Set I 0.68 059 060 056 0.65 0.60 0.59 0.76
Data Set 11
Data Set I11 0.39 0.53
Data Set IV
Table F.17.: F-measure: Content-based clustering, PAM
1 2 3 4 5 6 7 8 9 10
Data Set I 036 073 071 0.66 0.67 088 035 035 092 0.35
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F. Analyses Results

Data Set I 038 054 046 049 076 048 037 037 037 0.82
Data Set I1I 021 048 065 066 062 055 063 043 0.63 0.64
Data Set IV 030 033 041 039 035 050 047 048 039 043

15 20 25 30 35 40 45 50 55 60

Data Set I 036 036 036 036 036 036 036 036 036 0.36
Data Set I 038 0.38 038 038 038 038 038 098

Data Set IIT 0.57 044 020 0.17 0.17 022 022 022 026 037
Data Set IV 049 036 0.73 097

65 66 70 75 80 85 90 95 100

Data Set I 0.36 0.40 040 042 036 036 036 097
Data Set I1

Data Set II1 1.00 1.00

Data Set IV

Table F.18.: F-measure: Link-based clustering, Agnes

1 2 3 4 5 6 7 8 9 10

Data Set I 054 076 070 0.72 0.66 090 092 094 090 0.93
Data Set I 0.61 058 076 078 076 0.76 082 0.80 0.84 0.82
Data Set III 033 046 071 070 076 0.79 079 059 0.85 0.82
Data Set IV 032 034 042 046 043 050 049 061 053 049

15 20 25 30 35 40 45 50 55 60

Data Set I 092 0.84 083 08 0.88 0.87 083 076 0.82 0.80
Data Set I 090 0.86 082 078 0.80 0.72 0.29 0.49

Data Set I1I 090 087 077 059 061 0.79 076 073 056 042
Data Set IV 043 0.68 0.86 0.89

65 66 70 75 80 85 90 95 100

Data Set I 0.75 0.76 073 0.72 0.71 0.53 0.57 093
Data Set I1

Data Set I1I 0.55 0.55

Data Set IV

Table F.19.: F-measure: Link-based clustering, PAM

F.4. Clustering Case 4 - Content-based vs. Link-based

Clustering
PAM* Diana* @
Data Set I 0.838 0.980 | 0.909
Data Set I 0.754  0.920 | 0.837
Data Set III 0.767  0.602 | 0.685
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F4. Clustering Case 4 - Content-based vs. Link-based Clustering

Data Set IV

0.868

0.634 | 0.751

@

0.807

0.784 ‘ 0.795

Table F.20.: F-measure: Content-based clustering

PAM* Diana* o
Data Set I 1.803  1.930 | 1.866
Data Set II 1756 1.724 | 1.740
Data Set III 0.804 0575 | 0.690
Data Set IV 1278 0.325 | 0.802
Z 1410 1.139 | 1.274

Table F.21.: Dunn Index: Content-based clustering

PAM* Diana* | @
Data Set I 3284 3269 | 3277
Data Set II 3112 3120 | 3.116
Data Set 11T 7872 7.059 | 7.466
Data Set IV 11.814  11.620 | 11.717
2 6.521 6267 | 6.394

Table F.22.: SD Validity Index: Content-based clustering

PAM*  Diana* | @
Data Set I 4922.603 1264.008 | 3093.305
Data Set 11 1343.771 429.096 886.434
Data Set 111 2401.395 2118.981 | 2260.188
Data Set IV 726.436 708.772 717.604
@ 2348.551 1130.214 ‘ 1739.383

Table F.23.: Computing Time: Content-based clustering

PAM* Diana* %)
Data Set I 0.940 0.970 | 0.955
Data Set 11 0.899 0.980 | 0.939
Data Set II1 0.899 1.000 | 0.949
Data Set IV 0.894 0.966 | 0.930
%) 0.908 0.979 \ 0.944

Table F.24.: F-measure: Link-based clustering

PAM* Diana* @
Data Set I 1.735 1.835 | 1.785
Data Set IT 1.931 1.872 | 1.901
Data Set III 1.136 1.669 | 1.402
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F. Analyses Results

Data Set IV 0.964
%) 1.441

1.024 | 0.994
1.600 | 1.521

Table F.25.: Dunn Index: Link-based clustering

PAM* Diana* o
Data Set I 3.681  3.240 | 3.460
Data Set II 3488 3280 | 3.384
Data Set III 8.899 8441 | 8.670
Data Set IV 11.338  11.935 | 11.636
Z 6.852 6724 | 6.788

Table F.26.: SD Validity Index: Link-based clustering

PAM*  Diana* | @
Data Set I 4412953 2590.972 | 3501.962
Data Set II 744.540 525375 | 634.958
Data Set 111 1921916 821.437 | 1371.677
Data Set IV 561.464  591.048 | 576.256
2 1910218 1132208 | 1521.213

Table F.27.: Computing Time: Link-based clustering

PAM*  Diana* | @
Data Set I 1.600 1.829 | 1.715
Data Set 11 1.900 1.922 | 1.911
Data Set 111 0.445 0.614 | 0.530
Data Set IV 1.177 0.087 | 0.632
@ 1.280 1.113 ‘ 1.197

Table F.28.: Dunn Index: Optimal solution for content-based clustering

PAM* Diana* @
Data Set I 3.322 3.271 3.296
Data Set 11 3.220 3.213 3.217
Data Set 111 6.403 6.511 6.457
Data Set IV 12.043  11.168 | 11.606
%) 6.247 6.041 \ 6.144

Table F.29.: SD Validity Index: Optimal solution for content-based clustering

PAM* Diana* @
Data Set I 1.93 1.89 | 1.912
Data Set I1 1.87 195 | 1.911
Data Set 111 0.89 1.51 | 1.197
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F4. Clustering Case 4 - Content-based vs. Link-based Clustering

Data Set IV L1111 ] 1109
Z 1450  1.614 | 1.532

Table F.30.: Dunn Index: Optimal solution for link-based clustering

PAM* Diana* %)
Data Set I 3.77 3.23 3.500
Data Set II 343 3.28 3.355
Data Set I1I 6.5 7.6 7.049
Data Set IV 12.03 12.03 | 12.033
@ 6.432 6.537 \ 6.484

Table F.31.: SD Validity Index: Optimal solution for link-based clustering

189



F. Analyses Results

190



G. German Summary

Das Ziel dieser Arbeit ist die Identifizierung einer Methode, die es ermoglicht Content Elemente (z.B.
Wiki Artikel, Blogeintrige,...) eines sozialen Informationsraumes zu Themen zusammenzufassen. In
diesem Zusammenhang werden zwei Ansitze miteinander verglichen. Der link-basierte Ansatz be-
nutzt die Links eines Content Elements fiir seine Beschreibung. Der inhalts-basierte Ansatz verwendet
die Terme eines Content Elementes. Das Ziel dieser Arbeit ist in einer Forschungsfrage in Kapitel 2
(p. 9) zusammengefasst. Der sozialen Informationsraum fiir die Uberpriifung der Ansitze sind Wikis.
Dabei werden zunichst Wiki Artikel zu Datensdtzen zusammengefasst. Innerhalb dieser Datensitze
befinden sich verschiedene Themen, die durch die beiden Ansitze identifiziert werden sollen.
Zunichst werden die Datensitze in ein allgemeines Datenmodell iiberfiihrt. Basierend auf diesem
Datenmodell konnen Methoden, unabhiingig von einen sozialen Informationsraum implementiert wer-
den. Das Datenmodell ist Teil des SONIVIS Tools'. Eine Beschreibung des Datenmodells befindet
sich in Kapitel 3 (p. 13).

Nachdem die Daten fiir die Analyse feststehen, ist es erforderlich mogliche Analysemethoden fiir
die Identifizierung von Themen zu bestimmen. Dafiir werden in Kapitel 4 (p. 23) verschiedene
Textanalyse-Methoden vorgestellt und bewertet. Die Basis fiir die Bestimmung von Themen bildet das
Clustering. Dabei reprasentieren die entstehenden Cluster die Themen. Demzufolge ist es notwendig
geeignete Clusteringalgorithmen auszuwéhlen. Auflerdem ist es moglich die Ergebnisse durch die
Anwendung von Dimensionsreduzierungsverfahren zu verbessern. Somit ist es auch erforderlich
geeignete Algorithmen fiir die Reduzierung der Dimensionen zu bestimmen. Die ausgewihlten Meth-
oden wurden in Form einer Metrik in das SONIVIS Tool implementiert. Die Metrik gibt die Cluster
ID fiir jedes Content Element zuriick. Zusitzlich wird die interne Qualitidt der Cluster berechnet und
ausgegeben.

Basierend auf den ausgewdhlten Datensets und der implementierten Metrik, werden Analysen fiir
die Bewertung der Ansitze durchgefiihrt. Eine Ubersicht iiber die Datensets und die angewandte
Methodik befindet sich in Kapitel 5 (p. 87). Die Ergebnisse wurden mit einer externen Qualititsanalyse
(F-measure), einer internen Qualitdtsanalyse (Dunn Index, SD Validity Index) und einer Performance-
analyse (Berechnungszeit) bewertet. In Kapitel 6 (p. 97) sind die verschiedenen Analysen und deren
Ergebnisse beschrieben. Die Analysen sind in 4 Phasen unterteilt. Die erste Phase bestimmt geeignete
Clusteringalgorithmen und vergleicht den link-basierten und inhalts-basierten Clusteringansatz ohne
Dimensionsreduzierung. Die Clusteringalgorithmen PAM, bisecting PAM, Agnes and Diana (be-
schrieben in Abschnitt 4.3.4, p. 63) wurden innerhalb dieser Phase benutzt. Die nichsten zwei Phasen
beschéftigen sich mit der Auswahl geeigneter Parameter fiir die Dimensionsreduzierung. Fiir die Di-
mensionsreduzierung wurden die Feature Selection Methode Term Weight Thresholding (beschrieben
in Abschnitt 4.3.3, p. 60) und die Feature Transformation Methode Latent Semantic Analysis (be-
schrieben in Abschnitt 4.3.3, p. 48) ausgewihlt. Die letzte Phase vergleicht den link-basierten und
inhalts-basierten Clusteringansatz unter Benutzung der Dimensionsreduzierungsmethoden und bew-
ertet die Verbesserungen, die durch die Anwendung der Methoden fiir die Dimensionsreduzierungs
erreicht wurden.

Die Analysen zeigen das die Qualitét der Cluster von dem Clusteringalgorithmus, der Dimensionsre-
duzierungsmethode, dem ausgewihlten Clusteringansatz und der Struktur der Daten (Ahnlichkeit der
Themen, Grofie der Artikel, Grole der Themen, etc.) abhingt. Die besten Ergebnisse wurden mit
dem link-basierten Clusteringansatz erreicht. Die Glaubhaftigkeit der internen Qualititsanalyse ist
zweifelhaft, da sich die Ergebnisse der internen Qualititsanalyse (Dunn Index and SD Validity Index)

'SONIVIS ist eine Open Source Software fiir die Analyse und die Visualisierung von virtuellen Informa-
tionsrdumen. http://www.sonivis.org/
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G. German Summary

von den Ergebnissen der externen Qualititsanalyse (F-measure) unterscheiden.

Die Ergebnisse der ersten Phase (Abschnitt 6.1, p. 98) zeigen, dass der link-basierte Clustering-
ansatz bessere Ergebnisse erzielt als der inhalts-basierte Clusteringansatz, wenn keine Dimensionsre-
duzierung vorgenommen wird. Die Ergebnisse des inhaltsbasierten Clusteringansatzes entsprechen
Arbeiten von ZHAo ET AL. [243] and STEINBACH ET AL. [204]. ZnHao ET AL. vergleicht divisive und
agglomerative Clusteringalgorithmen und entdeckt, dass sich divisives Clustering mehr fiir das Clus-
tering von Texten eignet. Innerhalb dieser Arbeit ist der divise Clusteringalgorithmus Diana besser
fiir das inhalts-basierte Clustering geeignet als der agglomerative Clusteringalgorithmus Agnes. STEIN-
BACH ET AL. vergleicht agglomeratives hierarchisches Clustering, k-means und bisecting k-means. Die
Ergebnisse zeigen, dass k-means bessere Cluster generiert als agglomeratives hierarchisches Cluster-
ing und bisecting k-means die beste Clusteringtechnik ist. Die Ergebnisse dieser Arbeit zeigen, dass
PAM (eine Variante von k-means) besser ist als agglomeratives hierarchisches Clustering. Nur die
Ergebnisse von bisecting PAM sind anders als in der Arbeit von STEINBACH ET AL.. Hier ist bisect-
ing PAM der schlechteste Clusteringalgorithmus beziiglich der externen Qualititsanalyse (F-measure)
und der Performanceanalyse (Berechnungszeit).

Die Ergebnisse des link-basierten Clusterings sind anders. Sehr iiberraschend ist der starke Unter-
schied zwischen den Clusteringalgorithmen Agnes und Diana beziiglich des link-basierten und inhalts-
basierten Clusterings. Bei der Benutzung von link-basiertem Clustering erreicht agglomeratives hier-
archisches Clustering bessere Ergebnisse als divises hierarchisches Clustering. Dieser Fakt verdeut-
licht, wie unterschiedlich die Struktur der Daten bei dem link-basierten und inhalts-basierten Ansatz
ist. Die Term Dokument Matrix des inhalts-basierten Ansatzes (basierend auf den Termen des Textes)
ist vollig anders als die Term Dokument Matrix des link-basierten Ansatzes (basierend auf den Links
eines Textes). Der Unterschied der Datensétze wird zusitzlich durch die interne Qualititsanalyse
bestérkt. Die Frage ist nun, ob Agnes auch bei anderen Datensets gute Ergebnisse erzielt.

Die nédchsten zwei Phasen (Abschnitt 6.2, p. 105 und Abschnitt 6.3, p. 109) bestimmen geeignete
Werte fiir die Dimensionsreduzierungsmethoden. Die gewéhlten Werte sind nur fiir die ausgewéhlten
Datensets und Clusteringmethoden geeignet. Wenn ein anderes Datenset oder eine andere Cluster-
ingmethode benutzt werden, miissen die Werte neu bestimmt werden. Fiir weitere Analysen und die
Anwendung der Themenidentifizierungs-Methoden in der Praxis sollten andere Ansitze fiir die Bes-
timmung der Dimensionsreduzierungs-Parameter benutzt werden. Die hier benutzten Ansitze sind
komplex und eine Anderung des Datensets verursacht eine Neubestimmung der Parameter. Feature
Selection mit Term Weight Thresholding arbeitet mit einem prozentualen Grenzwert. Die Benutzung
von prozentualen Grenzwerten ist besser als die Benutzung von absoluten Grenzwerten. Aber auf
Basis des inhalts-basierten Clusterings sind die prozentualen Grenzwerte verschieden. Wenn der link-
basierte Ansatz gewdhlt wird, scheint ein Grenzwert von 90% geeignet zu sein. Aber die Giiltigkeit
dieses Grenzwertes muss mit weiteren Datensets iiberpriift werden. Die Bestimmung von passenden
Werten (Anzahl der Dimensionen) fiir Feature Transformation mit Latent Semantic Analysis ist kom-
plexer. In dieser Arbeit wurde ein Wert fiir jeden Clusteringansatz, Clusteringalgorithmus und fiir
jedes Datenset definiert. Da die bestimmten Werte sehr unterschiedlich sind, kann kein Standardwert
definiert werden. Bedauerlicherweise konnte auch kein Wert mit Hilfe der Singular Values bestimmt
werden. Eventuell ist auch hier eine prozentuale Angabe hilfreich.

In der letzten Phase (Abschnitt 6.4, p. 115) wurden die Verbesserungen durch die Benutzung der
Dimensionsreduzierung bewertet und der link-basierte mit dem inhalts-basierten Ansatz verglichen.
Im Allgemeinen verbessert die Dimensionsreduzierung die Clusterqualitit, aber die Berechnungszeit
steigt ebenfalls an. Aullerdem konnen die gewihlten Parameter bewirken, dass die Ergebnisse von
einigen Datensets verbessert werden, aber die Ergebnisse von anderen Datensets verschlechtern sich.
Somit muss abgewogen werden, ob die Benutzung der Methoden sinnvoll ist. Die Ergebnisse ent-
sprechen Arbeiten von TanG ET AL. [209] [210]. TanG ET AL. vergleicht Latent Semantic Analy-
sis, Document Frequency Thresholding, mean TFIDF und weitere Dimensionsreduzierungsmethoden.
Die Methoden Document Frequency Thresholding und mean TFIDF sind dhnlich der Methode Term
Weight Thresholding. Die Messungen zeigen, dass Latent Semantic Analysis, Document Frequency
Thresholding und mean TFIDF geeignete Methoden fiir das Clustering von Dokumenten sind. Die
beste Dimensionsreduzierungsmethode in dieser Arbeit ist die Independent Component Analysis. Im
Zusammenhang mit dem Themenclustering scheint Feature Selection besser geeignet zu sein als Fea-
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ture Transformation. Mit einem Grenzwert von 90% clustert der link-basierte Ansatz sehr gut und
es ist sichergestellt, dass nicht so viele wichtige Terme entfernt werden. AufBlerdem ist Term Weight
Thresholding nicht komplex, da keine weiteren Berechnungen ausgefiihrt werden miissen. Nur die
Termgewichte die kleiner sind als der definierte Grenzwert miissen entfernt werden. Im Gegensatz
dazu ist die Latent Semantic Analysis komplexer und es ist schwieriger eine geeignete Anzahl von Di-
mensionen zu bestimmen. Es sollte in weiteren Analysen herausgefunden werden, ob Latent Semantic
Analysis eine gute Methode fiir das Clustering von Themen ist. AuBerdem sollte die Qualitiit der In-
dependent Component Analysis iiberpriift werden, da sie in den Arbeiten von Tang ET AL. [209] [210]
bessere Ergebnisse lieferte. Es kann auBerdem iiberpriift werden, ob die Ergebnisse sich verbessern,
wenn zuerst Feature Transformation und anschlieBend Feature Selection benutzt wird. In dieser Ar-
beit wird zuerst Feature Selection und dann Feature Transformation ausgefiihrt.

Der Vergleich des link-basierten und inhalts-basierten Clusterings zeigt, dass link-basiertes Cluster-
ing mehr fiir die Bestimmung der Themen geeignet ist. Die Clusteringqualitit ist hoher (externe
Qualitdtsanalyse) und die Berechnungszeit ist geringer (Performanceanalyse). AuBerdem benotigt
der link-basierte Clusteringansatz mit Agnes nur Feature Selection. Demzufolge beinhaltet die Term
Dokument Matrix von dem link-basierten Ansatz weniger unwichtige Terme und sie ist zudem kleiner,
da nur die Links beriicksichtigt werden. Auch wenn das inhalts-basiertes Clustering die Dimension-
sreduzierung benutzt, hat es immer noch Probleme mit dem Clustering von dhnlichen Themen. Die
besten Ergebnisse wurden mit dem link-basierten Clustering in Kombination mit dem agglomerativem
Clusteringalgorithmus Agnes und einem Grenzwert beim Term Weight Thresholding von 90% erreicht.
PAM erreicht auch gute Ergebnisse, benotigt aber zusitzlich Feature Transformation. Obwohl link-
basiertes Clustering gute Ergebnisse erreicht, wurde die optimale Clusteringldsung nicht erzielt. Die
Qualitidt des link-basierten Clusterings hdngt von der Qualitit der Verlinkungen ab. Probleme entste-
hen bei jungen oder zu kleinen Artikeln, Artikeln deren Inhalt nicht mit dem Titel {ibereinstimmt
oder allgemeinen Artikeln. Diese Artikel haben nur wenige Links oder Links zu anderen Themen.
Die Zuweisung eines allgemeinen Artikels zu einem Thema ist schwierig, da allgemeine Artikel zu
mehreren Themen gehoren (z.B. Erde). Die Benutzung des Overlap Clustering konnte das Problem
16sen.

Mit Hilfe der Analysen kann die Forschungsfrage aus dem Kapitel 2 (p. 9) beantwortet werden. Die
Ergebnisse dieser Arbeit zeigen, dass sich link-basiertes Clustering eher fiir die Identifizierung von
Themen eignet. Sogar das Clustering von sehr dhnlichen Themen erreicht gute Ergebnisse. Somit
werden bei dem link-basierten Ansatz weniger unwichtige Terme berticksichtigt. Die externe Clus-
terqualitdt und die Performance ist besser und die Vorverarbeitung der Daten (Tokenization, Stop
word Removal, Stemming) ist nicht erforderlich. Der inhalts-basierte Ansatz erreicht nicht die Clus-
terqualitdt des link-basierten Ansatzes. Obwohl unwichtige Terme durch das Stop word Removal
entfernt wurden, befinden sich immer noch sehr viele unwichtige Terme in der Term Dokument Ma-
trix. Das verursacht ein Rauschen in den Daten und das Clustering verschlechtert sich. Ein Problem
des link-basierten Clustering ist, dass die Qualitdt der Ergebnisse von der Qualitdt der Artikel und
somit von der Qualitidt der Verlinkungen abhingt. Die Verlinkungen wurden von Autoren angefertigt.
Demzufolge wurden die wichtigen Terme eines Textes subjektiv bestimmt. Das kann zu Problemen
fiihren, wie die Analysen dieser Arbeit zeigen.

Die Giiltigkeit der Ergebnisse sollte mit anderen Datensets weiter untersucht werden. Die Qualitit des
link-basierten Ansatzes sollte zum Beispiel mit sehr groen Datensets, die viele Themen beinhalten,
weiter iiberpriift werden. Auf der anderen Seite sollte liberpriift werden, ob sich weitere Clusteringal-
gorithmen und Dimensionsreduzierungverfahren fiir die Identifizierung von Themen eignen. Wie zum
Beispiel die Independent Component Analysis, die auch in der Arbeit von TanG T AL. [209] [210] die
besten Ergebnisse erzielte. Auch der Einfluss der Reihenfolge der Dimensionsreduzierungsmethoden
sollte iiberpriift werden. In dieser Arbeit wurde Feature Selection vor Feature Transformation aus-
gefiihrt.

Da in dieser Arbeit die Bestimmung geeigneter Dimensionsreduzierungs-Parameter sehr komplex ist,
sollten bessere Ansitze gefunden werden. Zusitzlich sollten bessere Methoden fiir die Evaluierung der
Ergebnisse gefunden werden. Das ist auch sehr wichtig, falls kein besserer Ansatz fiir die Definition
von geeigneten Dimensionsreduzierungs-Parametern gefunden wird. Die externe Qualititsanalyse
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G. German Summary

benotigt die optimale Clusterlosung fiir ihre Bewertung. Das ist in der Praxis nicht anwendbar. Die
interne Qualitdtsanalyse ist in der Praxis anwendbar, aber gibt bei den aktuellen Messungen falsche
Ergebnisse zuriick. Die Performanceanalyse eignet sich fiir die Bewertung der Ergebnisse, aber sie
bewertet nicht die Korrektheit der Resultate. Somit miissen weitere Methoden fiir die Evaluierung der
Clusterqualitdt gefunden werden.

Da auch mit dem link-basierten Ansatz ein optimales Clustering nicht erreicht wurde, muss die The-
menidentifizierung weiter verbessert werden. Es gibt zwei Ansidtze um die Ergebnisse weiter zu
verbessern: Die Optimierung der Methoden und die Aufwertung der Daten.

Um das Problem mit allgemeinen Artikeln zu l6sen, kann Overlap Clustering verwendet werden (be-
schrieben in Kapitel 4.3.4, p. 63). Wie beschrieben, ist es mglich nach besseren Methoden fiir das
Clustering und die Dimensionsreduzierung zu suchen. Eine weitere Moglichkeit, um das Clustering
zu verbessern, ist die Tokenisierung der Artikeltitel (beschrieben in Abschnitt 4.3.1, p. 36). In diesem
Fall werden Worter wie DNA sequence und Chronic toxicology als eigene Terme bei dem Cluster-
ing behandelt. Die Ansitze konnen weiterhin durch die Verwendung von NLP Methoden verbessert
werden. Die Auflosung von Synonymen (Synonym Detection, beschrieben in Abschnitt 4.3.1, p. 39)
und Homonymen (Word-sense Disambiguation, beschrieben in Abschnitt 4.3.1, p. 39) und die Identi-
fizierung von wichtigen Wortgruppen und Phrasen (Multiword Phrase Grouping, beschrieben in Ab-
schnitt 4.3.1, p. 39) sind Moglichkeiten fiir die Verbesserung des Clusterings. Die Extrahierung der
Terme kann durch syntaktische und semantische Analysen, wie zum Beispiel Part-Of-Speech (be-
schrieben in Abschnitt 4.3.1, p. 40) oder Parsing (beschrieben in Abschnitt 4.3.1, p. 39), erweitert
werden. Mit diesen Methoden werden die Worter in Substantive, Verben, Adjektive, usw. unterteilt.
Weiterhin ist es moglich die zugrunde liegenden Daten weiter aufzuwerten. So konnte zum Beispiel
der link-basierte Ansatz auch die Héufigkeit einer Verlinkung beriicksichtigen. Eventuell ist die Ex-
trahierung von Untertiteln aus dem Text hilfreich. Momentan werden nur die ausgehenden Links eines
Textes beriicksichtigt. Die Benutzung der eingehenden Links oder die Benutzung des Durchschnittes
von ausgehenden und eingehenden Links kdnnte die Ergebnisse weiter verbessern. Eine Kombination
von beiden Clusteringansitzen ist eine weitere interessante Moglichkeit fiir die Identifizierung von
Themen. Wie zum Beispiel die Definition eines Grenzwertes. Dieser Grenzwert bestimmt die Anzahl
der Links, die ein Text beinhalten muss. Wenn der Text weniger Links hat, wird der inhalts-basierte
Ansatz gewihlt. In dem anderen Fall, werden nur die Links fiir das Clustering benutzt. Eine weit-
ere Herangehensweise benutzt nur die Terme, die als Links im Text auftreten (link-basierter Ansatz),
aber die Haufigkeit eines solchen Termes ist die absolute Héaufigkeit des Termes in dem Text (inhalts-
basierter Ansatz).

Eine weitere sehr wichtige Erweiterung fiir die Identifizierung von Themen ist die Bestimmung von
Termen, die die das Thema eines Cluster beschreiben. Ein moglicher Ansatz ist durch SIROKER ET AL.
[198] gegeben.

Die definierten Methoden fiir die Identifizierung von Themen konnen fiir viele Wiki Analysen genutzt
werden. Es ist nun moglich ein Wiki auf Themenebene zu analysieren. So ist es zum Beispiel moglich
die Autorenaktivitdt in oder zwischen Themen zu analysieren oder die Hauptthemen eines Wikis
zu identifizieren. Die Analyse der Autorenaktivitit in einem Thema ist hilfreich, um die Spezial-
isten eines Themas zu identifizieren. Wenn die Entwicklung eines Wikis betrachtet wird, ist die
Identifizierung von neuen Themen und die Betrachtung der Themenentwicklung moglich. Somit
konnen Trends beziiglich der inhaltlichen Entwicklung bestimmt werden. Viele Wikis sind sehr
grof} und demzufolge kann eine Analyse sehr komplex und uniibersichtlich werden. Die Analyse
auf Themenebene reduziert die Komplexitit. Die Giiltigkeit der Kategorisierung der Artikel in einem
Wiki kann ebenfalls iiberpriift werden. Auflerdem ist es moglich die Giiltigkeit der Verlinkung zu
tiberpriifen.

Einer der nédchsten Schritt beziiglich dieser Arbeit sollte die Implementierung der beschrieben Ver-
besserungsvorschldge sein. Weiterhin sollte iiberpriift werden, ob der link-basierte Ansatz auch in
anderen sozialen Informationsrdaumen (Blogs, Nachrichtenartikel, Online Foren, etc.) bessere Ergeb-
nisse liefert. Wenn das der Fall ist, konnen Analysen auf anderen Informationsrdumen durchgefiihrt
werden. Sollte dies nicht der Fall sein, muss das inhalts-basierte Clustering benutzt werden oder es
muss eine andere Moglichkeit fiir die Identifizierung der Themen gefunden werden. Da die Meth-
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oden auf einem allgemeinen Datenmodell basieren, sind keine Anderungen in der Implementierung
notwendig. Momentan wird die implementierte Metrik auf Content Elemente angewendet. Es ist aber
auch moglich, die Metrik auf Akteure anzuwenden. Die Ergebnisse spiegeln Cluster mit Autoren, die
an dem selben Thema gearbeitet haben, wieder. Mit diesem Ansatz ist die Identifizierung von Com-
munities moglich.

Die entwickelten Methoden fiir die Themenidentifizierung konnen auch in der Praxis eingesetzt wer-
den. Zum Beispiel fiir die Bestimmung von wichtigen Business-Themen in Zeitungsartikeln oder die
Identifizierung von Meinung in sozialen Informationsraumen wie zum Beispiel Twitter. So konnen
zum Beispiel die Hauptmeinungen tiber Filme oder politische Entscheidungen bestimmt werden. Die
Identifizierung von Trends ist ein weiterer praktischer Nutzen. In diesem Zusammenhang werden
Hauptthemen in Zeitungsartikeln, Blogs, usw. fiir verschiedene Zeitpunkte bestimmt. Die Ergebnisse
konnen fiir die Bewertung von Einfliissen von bestimmten Ereignissen genutzt werden und somit fiir
Marketing und Public Relation Strategien.
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