Student Research Project

Enhancing the Analysis in
Wiki-Based Social Information Spaces
applying Term Analysis

Janette Lehmann, University of Potsdam

March 19, 2009

Supervisors:
Dr. Claudia Miiller, University of Stuttgart
Dr. Peter-Uwe Zettiér, University of Potsdam



Contents

1 Introduction
2 Research Question

3 Theoretical Foundation

3.1 Basic Concepts of SONIVIS . . . .. ... ... .. ...
3.1.1 Information Space Analysis . . . ... ... ...
3.1.2 Specification of Networks . . . . ... ... ...
3.1.3 Network Analysis . . . . . . ... .. ... ....

3.2 Term Extraction and Analysis . . ... ... ... ...
3.2.1 Creating the Term Database . . ... ... ...
3.2.2 Keyword Extraction . . . ... ... ... ....

4 Data and Methodology

4.1 Data Collection . . . . . . .. .. .. ... .
4.2 Preprocess of the Data Corpus . . . .. ... ... ...
4.3 Methodology . . . .. ... ... o

5 Results

5.1 Analysis the Content of Networks . . . . . ... ... ..
5.1.1 Node Term Frequency . . .. .. .. ... ....
5.1.2 Node Term Significance . . . .. ... ... ...
5.1.3 Network Term Frequency . ... ... ... ...
5.1.4 Network Term Distribution . . . ... ... ...
5.1.5  Network Term Significance . . . ... ... ...
5.1.6 Network Term Search . . ... ... .......

5.2 Analysis of the Content Development by Statistics . . .

5.2.1 Content Development in a Social Information Space . . . ... .. ..

5.2.2  User Collaboration by the Content Development
6 Discussions
7 Conclusion and Outlook

8 List of Abbreviations

11
11
13
14

15
15
16
17
17
17
18
18
19
20
24

27

29

33



1 Introduction

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

In this paper, existing analysis methods for social information spaces are enhanced by
considering the content. Basically, the content is the text of the content elements created
by actors. This allows, for example, the identification of topics, the consideration of content-
based dependencies between content elements (e.g. articles) and actors (e.g. the authors of
articles) and the improvement of the understanding of collaborative structures and content
development. In this context different analysis and visualization methods are specified and
described. The methods are applied on Wiki-based social information spaces. But it is
also possible to use these methods for other social information spaces, such as blogs or
folksonomies.

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 use guidelines and the intended use.

A Wiki contains a set of pages, which are linked together. 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. 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.

A good base for the analysis of a Wiki-based social information space is given by the
open source software tool SONIVIS. In this tool a lot of analysis methods are already
implemented. SONIVIS is a network mining software, integrating network visualization,
network analysis, clustering and further statistics. Here, the existing analysis methods of
the tool are enhanced by the term-based content analysis.

There are a lot of related works which deal with the analysis of social information spaces.
A quantitative analysis of Wikipedia users is given in [6]. In this paper, A. KITTUR ET
AL. analyse the author activities and the content development of the English Wikipedia
by dividing the users into groups. Thus it is possible to find out which authors mainly
contribute to the content, the elite or common users. A. KITTUR ET AL. show that after
an initial high influence of the elite users, the common users produce most of the content.
ORTEGA ET AL. [11] extend the analysis of other language editions of Wikipedia and
enhance the previous methodologies.

V. BATAGELJ ET AL. [1] provides a very interesting paper about the analysis of repositories.
Through different meta data, like author name, the date of preparation or the repository,
matrices are created. Based on these matrices networks can be generated. It is possible



to get a better understanding by using network analysis methods. In addition, further
networks can be generated by array multiplication. Another paper about social information
space analysis is given in [2]. In this paper the creation of wikigraphs are described and
the structure of these graphs is analysed. The development of a tripartite graph is given
in [10]. In this document tripartite relationships, based on articles, authors and categories,
are extracted and analysed. Different analysis and visualization methods are presented.

In the described papers a combination of social information space analysis and content
analysis are unknown. But this aspect is very important for a lot of researches. That is
the case in [6]. At this point it would be very interesting to know on which topics the
different user groups are working. By creating different wikigraphs in [2], it would also be
very interesting to be informed about the topics of a central node. With this information
the position of a node are described more exactly.

There are papers about content-based social information space analysis, but these papers are
dedicated to other questions. A content-based analysis is given in [4]. This paper presents
the distribution of topics in Wikipedia and maps to with the distribution of published
books. In a second step the articles in Wikipedia are compared with the distribution of
topics in three established, field-specific academic encyclopedias. This comparison examines
the whole Wikipedia. P. SCHONHOFEN [12] 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 are describing the
content of a document very good.

The term analysis is seperated in two phases. The preprocessing of the data corpus by using
text mining methods precedes the analysis. The goal of the preprocessing is the extraction
of the important terms of a content element (e.g. an article). Thereby the preprocessing
depends on the selected Wiki-based social information space. After this step the independent
analysis of the terms and the identification of keywords are possible. The integration of the
term analysis into the existing analysis methods is one central issue of this paper. On the
other side the development of the content and the identification of different development
phases by using statistical methods are presented.

The following section includes the research concepts and goals. After that, the theoretical
foundations are shown. This includes the basics of the term extraction and the description
of other analysis concepts and methods, which are the fundaments of the term analysis.
The analysis concepts and methods are components of the SONIVIS tool. In chapter 4 the
wiki database is described. The preprocessing of the content corpus is also a part of this
chapter. Finally, the approach concerning the following developments is introduced. The
developed analysis and visualization methods are described in chapter 5. An evaluation of
the methods can be found in chapter 6. The last chapter sums up the results and gives
motivations for the future.



2 Research Question

The objective of the following research is the question:

Which methods enhances the analysis and visualization
methods of social information spaces by considering the content?

In this context, the identification of topics, the discovering of content dependencies and
the consideration of the content development are one central part of this paper. Methods
which analyse and visualize the listed aspects are presented. The foundation of the analysis
are the terms of the content. Besides the content, the actors are one major aspect of the
analysis as well.

The new analysis methods enhance among other things the answers of the following ques-
tions:

1. What are the topics of a community or content area?

2. How are the topics distributed over social information space?

3. Where can the articles of specific topics be found?

4. Who are the authors of specific content?

5. Which are the keywords of a specific social information space area?

6. How is the procedure of content development in a social information space?
7. How do the authors work with the content?

One requirement is the integration of the described methods into the open source software
tool SONIVIS. Thereby the existing analysis and visualization methods of the tool can be
used. One possibility is the enhancing of existing metrics by defining term and keyword
metrics.



3 Theoretical Foundation

This chapter describes theoretical foundations of the specified methods. First the existing
analysis concepts and methods for social information spaces are presented. The described
concepts and methods are already part of the SONIVIS tool. The tool should be enhanced
by considering the content. Therefore Text Mining is needed. The Text Mining methods
allow the extraction of terms and the extension of the social information space analysis. A
definition of Text Mining is given in section 3.2.

3.1 Basic Concepts of SONIVIS

In this section a model and analysis methods for social information spaces are described.
Both are foundations of the SONIVIS tool. A description of the model is given in [8]. Figure
3.1 visualizes the social information space model. Based on this description, the analysis
methods of the content are developed.
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Figure 3.1: Model of the social information space analysis

Each social information space has Actors and Content Elements, which are called authors



and pages in Wikis. There are certain dependencies between these elements. A Contextual
Relationship is given between two Content Elements, e.g. a link between two pages in a Wiki.
The dependencies between two Actors are called Social Relationship. These dependencies
cannot be extracted directly from the data of a Wiki, but it is possible to get them by
using the existing data. to derivate them. If two authors edited the same page, a Social
Relationship, called Collaboration, will be given. The dependency between an Actor and a
Content Element is called Knowledge Relationship. This relationship describes the process
of editing or reading an article in a Wiki. It is possible that a social information space
contains or aggregates other social information spaces. Based on this description a social
information space can defined as:

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

With this model different analyses are possible. 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.

3.1.1 Information Space Analysis

The first part is formed by metrics, which depend on the social information space. At this
point metrics for actors, the content and the whole information space are defined. Some
example metrics are listed in Table 3.1. For example, the number of authors and articles
provide information about the Wiki size. The activity of an actor or content element in a
Wiki is computed by the Amount Contribution and the Revision Count.

InfoSpace metrics
Total Author Count The number of authors in a Wiki.
Total Article Count The number of articles in a Wiki.

Actor metrics
Article Creation Count | The number of new articles created by
one author.

Amount Contribution Calculates in kByte how much content
an author has created.

Content metrics
Revision Count The number of changes of a page.
Page Size The size of a page in kByte.

Table 3.1: Example Metrics for Wiki Analysis



3.1.2 Specification of Networks

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

Definition 2 (Dynamic Network) A dynamic network G = (V, E, W, tsiart, tend) con-
sists 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 tsiore and end time tenq as
well.

In most cases a network represents a subset of a social information space, limited for
example by the definition of a specific time period or content category. 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
allows 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 collabora-
tion will be given, if two Actors editing mutually a Content Element. If there are two page
revisions from different authors, a collaboration between the authors exist.

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 (pages) and
the edges are generated by links between the Content Elements. In a Wiki these are the
internal links between pages ([[ARTICLE]], [[ARTICLE|ARTICLEDESCRIPTION]],
[[ARTICLE#CHAPTER]]), links to files ([[Media : FILENAME|FILEN AMFE]]) and
links to image description pages ([[Image : IMAGEFILENAME|IMAGEN AME])).
Examples of networks are shown in Figures 3.2(a) and 3.2(b). A formal definition of the
Collaboration Network and WikiLink Network can be found in [8]:

Definition 3 (Collaboration Network) A temporal Collaboration Network is an undi-
rected graph Go(Va, Ec, WREV, tstart, tend) including a set of authors V4 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 ry, € REV at a certain time t;. This revision
T, belongs to a page P, which consists of P = {ryy,...;rt,,...,7t,} C REV revisions. A
collaboration C = (A;, Aj) exist, if A; is author of v, Aj is author of Tt; and T, € P.
Based on the defined interval [tsiare, tend) 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 Wrgy of two connected authors. Only these revi-
stons are considered which rely on the same content elements and which where established
in the defined period of time [tsiart, tend)-

Definition 4 (WikiLink Network) A temporal WikiLink Network is a directed graph
Gwir(Vp, EL, tstart, tend) consisting of a set Vp of wiki pages and a set Er, = (P1, P2) of
Wikilinks from a page Py € Vp to a page Po € Vp.



The first revision 1y, of a page P; should be before the upper boundary of the analyzed time
interval: tg < teng. Furthermore, links Ep, should exist in a revision v, with t; < tepq. Only
a subset of the previously introduced page types is used for this network: Vp = Var U Vg
and By, = Earr UENEL, where Vagr are articles, Vg media, E ARy, article-links and Eygr,
media-links. The existence of broken links are considered in a single measure.
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(b) WikiLink Network, Node Size visualizes the Degree Central-
ity, Node Color visualizes the Closeness Centrality

Figure 3.2: Example Networks, Period: 2008-01-01 - 2008-01-10 [German Wikiversity]

3.1.3 Network Analysis

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



3.2. Tt is possible to visualize the metrics in a network within the SONIVIS tool by coloring
and resizing the nodes. An example can be found in Figure 3.2(a).

A positional analysis is given by using node and edge metrics. These metrics analyse 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 for analyse 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 by using the Density metric.
In a Collaboration Network the Density describes the collaboration level between all Actors.

Node metrics
Degree Centrality Cp(v) = QT%EUIZ')
Closeness Centrality Ceo(v

Edge metrics

aij(€)
(o is number of shortest paths be-
tween two vertexs i and j that go

Betweenness Centrality Cple) =X jeviz

through e)
Network metrics
Vi )
Network Degree Centrality | Cp(G) = le(lu(vc{f S?&ﬁg;vﬂ)

Table 3.2: Example Metrics for Network Analysis

3.2 Term Extraction and Analysis

A text represents, contrary to the data of a database, unstructured data. The knowledge of
a text can be seized by using text mining tools. With statistical and pattern-based methods
the factual and contentwise information of a text can be extracted. Currently, no uniform
definition for Text Mining exists. One definition is given in [5] where Text Mining is defined
as a group of methodical techniques, in order to structure texts and thus to extract new
and relevant information.

The Text Mining process based on [5] is described in Figure 3.3. First there are unstruc-
tured documents saved in a database. The collection of documents is called corpus. The
documents are structured by using statistical and linguistical analyses. This phase is called
document preprocessing. The preprocessing of the documents leads to a term database,
including the terms of each document. In this context, a lexicon is the set of all unique
words in the corpus.

After the phase of the document preprocessing, other Text Mining methods can be applied,



for example clustering, classification, indexing, term extraction and visualization. Classifica-
tion is the automatic allocation from documents to categories which are defined beforehand
[15]. Clustering is the process of grouping similar documents. The groups are created on
the base of document characteristics [15].

The following two sections describe the relevant analysis methods for this work: linguistical
analysis and analysis of the terms. In this case the keyword extraction is presented.
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Figure 3.3: Text mining process

3.2.1 Creating the Term Database

Since documents are presented in unstructured form, an extraction of the relevant infor-
mation from these documents is necessary. Therefore certain terms are extracted from the
document. A term can be a word, a word trunk or several compounded words. In this
context a document is brought into a form, which is processable for computation. Thereby
linguistical and statistical analysis are distinguished.

The statistical analysis provides certain analyses for extracting basic patterns of text. In
this context the frequency distribution in text corpora is applied. The linguistical analysis
uses the areas morphology, syntax and semantics of the computational linguistic [15]. A
text comnsits of a generic structure of words, phrases and sentences. Based on this, terms
can be extracted.

At first, the morphology divides the text into individual words. The words are filtered by
means of blank, tabulators, line radical changes, points, commas, etc. This procedure is
called Tokenizing and the words are called Tokens.

After dividing the text into individual words, the stop word elimination can be executed.
At this point words and terms of little importance e.g. ’the’, ’a’, few’, ’little’ are removed.
Subsequently, only word trunks of the individual words are computed. This method is called
Stemming. A stemming algorithm for example reduces the words ’fishing’, ’fished’, *fish’,
and ’fisher’ to the root word ’fish’. Another possibiliy is the Lemmatisation, described in



15].

The focus of the syntactical analysis is the annotation of specific terms. At this point the
methods Part Of Speech, Phrase Recognition and Parsing can be used. The semantic anal-
ysis tries to divide the text into meaningful units by using the methods first-order predicate
logic, predicate-argument structures and lexical semantics. All methods are described in
[15].

3.2.2 Keyword Extraction

The keywords of a document are the most important terms. These terms describe a docu-
ment very well. A Text Mining method for extracting the keywords of a document is the
differential analysis, described in [14] and [5]. In this case a reference term database is
needed.

Another method is the word frequency statistic. At this point relative and absolute fre-
quency are differentiated. The set of documents is given by D and the set of terms is given
by T'. The normalized term frequency nf of a term ¢; € T in a document d,,, € D is calcu-
lated by the frequency of the term in the document divided by the the total frequency of
terms in the document:

_ flim)
thedm f(.jv m)

The inverse document frequency idf of a term t; € T describes the distribution of the term
in a document collection:

nf(i,m) (3.1)

D]

idf (i) = 5092(m

) (3.2)

The importance of the terms can be calculated by combining both values: nfidf(i,m) =
nf(i,m)-idf (i). This analysis allows the extraction of the significant terms, called key-
words.

10



4 Data and Methodology

In this chapter the data structure and technical foundations are presented. Wikis are used
as a specification of social information spaces. The preprocess of the data corpus extends the
data about the term information and realizes the definition of independent social information
space analysis methods. After this step the development of new analysis methods based on
the SONIVIS tool is possible.

4.1 Data Collection

The presented analysis methods realize the analysis of the content in social information
spaces. In this paper the methods are described by the example social information space
Wiki. Thereby the data collection from the English and German Wikiversity are used. The
base of this Wikis is the free software package MediaWiki written in PHP. The Table 4.1
includes a list of some important Wikis. The English and German Wikiversity are small
Wikis, but for the delevopment of analysis methods and the creation of some examples they
are sufficiently.

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] Wikibook 119,917 172,702 1,425,304
[ge] Wikibook 42,824 13,656 435,514
[en] Wiktionaries 1,245,398 146,349 6,205,862
[ge] Wiktionaries 110,173 15,284 946,558
[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 4.1: Size and activity in Wikis [2009-02-04]

The data of a Wiki are saved in a MySQL database. For the following term extraction
and the creation of the examples the tables article, revision, text and categorylinks
are needed. In Figure 4.1 an ERD diagram visualizes the tables and their dependencies.

11
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The existing database is extended by two tables including the term data using stored
procedures. The table text is the data corpus, because they include the texts of each
revision. The table terms includes a list of all existing terms and each term has a definite
id (tm_id). This table is called the lexicon of the corpus. In the table text terms the
extracted terms of each revision (rev_id) are saved. The column tm_id is a link to the
terms table to get the name of a term. For each term their frequency in the revision is
saved. Additionally, the difference to the previous revision is calculated. For example, if
the previous revision contains a term five times and the actual revision only two times, the
diff value will be -3. The extraction of the terms is described in the following section.

4.2 Preprocess of the Data Corpus

The preprocess of the data corpus includes the extraction of terms and the creation of the
described term tables. The term extraction per revision is described in Table 4.2. It is
implemented in the statistical tool GNU R. Thereby different R packages are used.

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 un-
interesting and reducing the quality of the analysis results. 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
seperated by whitespaces. Based on this character sequence, the tokenisation is adopted.
The tokenisation includes the segmentation of character sequences into words (tokens).
Now the words of the text are detected. But there are a lot of words which are not interest-
ing for later analyses. The word “the” gives no more information of a specific text, whereby
for example the words “stars”, “planets” and “meteors” give a reference that the text is
about astronomy. The unimportant words, called stopwords, are deleted in the next step
by using the method removeWords of the R package tm. A defined list of stop words (1,584
english and 34 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. In this case the word “stars” is reduced to “star” . The stemming based on
the Porter Stemming Algorithm realized by Snowball . Snowball is a small string process-
ing language designed for creating stemming algorithms. The deletion of stemmed words
with less then three characters removes words which are not representative for the text.
Sometimes terms are equal after the stemming step. Additionally the terms have a high
frequency. Without this step the result would contain this terms. This step deletes also
single characters like the “s” from “he’s”.

The last step contains the summing up and counting of equal words. Now the terms and
their frequency in a revision are calculated. Additionally, the differences between each re-
vision are calculated and saved in the database. The preprocessing of the database is now
completed. With the extracted terms the content can be analysed.

'Snowball: A language for stemming algorithms, http://snowball.tartarus.org/texts/introduction.html

13



Wiki Database

Extraction of Terms
(per revision)

Eliminating Wiki markup (e.g. [[Category:ABC)
and HTML (e.g. bdcolor)

Eliminating special characters (e.g. ,hash®)

Eliminating stop words in English
(1,584 words defined), such as ,the*

Stemming of English language

Deletion of words with less then three characters

Sum up and count equal words

Term Tables

Figure 4.2: Sequences of the term extraction

4.3 Methodology

The preprocessing of the data corpus and the definition of new analysis methods are imple-
mented into the open source software SONIVIS. SONIVIS is implemented in Java based on
the Eclipse rich client platform. The calculation of metrics is carried out by GNU R.

The development of content analysis methods by using terms is also divided into two parts.
First a new metric type for networks, named term metrics, is defined. In this part of the
content analysis new metrics are developed, which enhances the existing analysis methods
of the SONIVIS tool. Since the new metrics are based on the existing analysis concept, it is
possible to use the implemented features, e.g. the visualization of the metrics in a network.
A new analysis is given in the second part. By showing some possibilities for content devel-
opment analysis.

14



5 Results

The extraction of terms by using text mining enhances the analysis of social information
spaces. The applied concept allows the content analysis independently from the selected
social information space. Figure 5.1 describes the integration of the term analysis into the
existing concept. The extraction of terms depends on the underlying social information
space. After this step an independent analysis is possible. In this chapter two analyses
possibilities are presented.
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 Node metrics o Content development
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Figure 5.1: Extended model of the social information space analysis

5.1 Analysis the Content of Networks

The existing network model offers the definition of term metrics in order to obtain more
information about the network or specific nodes. Thereby the important terms of a node
or network and the distribution of terms in a network can be taken into account. In this
context each node includes its extracted terms. If it is a content node, the terms of the
content will be considered. If it is an author node, the terms an author has added will be

15



the base of the analysis.
The enhancing of the network analysis by considering the content enables different views on
the content. A network presents a specific part of the social information space, for example
defined by a period or content category. In order to describe the analysis, the following
definitions are specified:

Definition 1 (Content) The content can be described by a content set Cs(G) =T x F =
{(t1, f1), s (tn, fn)}, including tupels of terms t € T and their frequency f € F. The
content set depends on a specific network G. Thereby different views S on the content are
distinguished.

The function fcy(t,v) returns the frequency of a term t on a specific node v dependent on
the selected content C and view S:

fes(t,v) = f (5.1)

A definition of the network G = (V, E, W, tstart, tend) has already been given in chapter 3.
Based on a specific network, different views S of the content are possible:

1. The existing content perspective [Cr(G)]
The terms existing at the end of the period t.,4 of the dynamic network are considered.
This is a static view of the existing content of a network (Cg(G)).

2. The content activity perspective [C4(G), Cp(D)]
All added and deleted terms concerning the whole period are considered. This includes
also the added/deleted terms, which were deleted/added later in this period again.
This is a dynamic view of the edited content of a network for measuring the activity in
a specific period of time (tsqrt,tend). Thereby all added terms C'4(G), all deleted terms
Cp(G) and the sum of all added and deleted terms C'4(G)UCp(G) are distinguished.

3. The content development perspective [Cagp(G), Cpr(D)]
Compared to the previous view only the really added and deleted terms at the end of
the period t.,q are considered. It measures the growth and shrinking of the topical
development. This dynamic view compares the content of the start time g4+ with
the content at the end of the period te,q. The result is a set of all new terms Cap(G),
all deleted terms Cpg(G) and the set union of both sets Cug(G) U Cpr(G).

5.1.1 Node Term Frequency

The Node Term Frequency is a node metric. The result of this metric is a set of tupels
of each term ordered by their frequency. The terms with the highest frequency are at the
beginning of the set.

Definition 2 (Node Term Frequency) The Node Term Frequency metric returns a set
of tupels including the node-terms t and their frequency f for one node v; € V. T, includes
the lexicon of the node v;. The metric can be described by the following function:

mNTF(Ui) = C(t,f) (Vtvi € Tvi : (tvm sz (tvwvi))) (5'2)
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5.1.2 Node Term Significance

The Node Term Significance metric calculates the significance of each term. The terms with
the highest significance are called keywords. In chapter 3 the basics of these calculations
are introduced. The keywords of a node are the terms with a high local frequency and a
low distribution.

Definition 3 (Node Term Significance) The Node Term Significance metric returns a
set of tupels including the node terms t and their significance value s for one node v; € V.
The set T,, is the lexicon of the node v;.
Additionally, the network of the whole social information space (SIS) including all nodes and
edges are needed: Gsrs = (Vsrs, Esrs, Wsis, tstartsrss tendsys)- SIS represents the whole
content of the social information space.
The normalized term frequency nf of a term t; applied on node v; calculates the term-
frequency divided by the total frequency of all node terms.
_ fC’s (tjvvi)

nf(t]’ Ul) ZtviGTui fCS (tUN Ui) (5'3)
The inverse document frequency idf of a term t; calculates the number of all nodes of the
soctal information space divided by all nodes including the term.

. [Vsrs|
N — 4
Now the metric can be defined:
mNTs(’UZ') = C(t,s) (Vtvi S Tvi : (tvi, nf(t@i, Uz‘) . de(tvz))) (5.5)

5.1.3 Network Term Frequency

The Network Term Frequency metric returns a set of tupels of each term in the given network
ordered by their frequency. With this metric the most used terms can be calculated.

Definition 4 (Network Term Frequency) The Network Term Frequency metric returns
a set of tupels including the network-terms t and their frequency f for one network G =
(V, E, W, tstart, tena). The lexicon of the network are given with Tg. The metric can be
described by the following function:

mNWTF(G) = C(tf)(vtg elg: (tg, Z fCS(tg,Ua))) (5.6)
va €V

5.1.4 Network Term Distribution

The Network Term Distribution metric returns a set of tupels of each term in the network
ordered by their distribution level. The distribution describes the number of nodes in which
a term occurs. The more nodes the term includes, the less the network content can be
described by this term.
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Definition 5 (Network Term Distribution) The Network Term Distribution metric re-
turns a set of tupels including the network terms t and their distribution over nodes d for a
network G = (V, E, W, tstart, tend). To defines the lexicon of the network. The metric can
be described by the following function:

mywrp(G) = Cra)(Vta € Ta : (ta, |V : fos(ta,v) > 0)) (5.7)

5.1.5 Network Term Significance

The Network Term Significance metric calculates the significance of each term of a network.
Therefore the Node Term Significance metric is extended. Corresponding to the Node Term
Significance metric, terms with the highest significance are keywords of the network.

Definition 6 (Network Term Significance) The Network Term Significance metric re-
turns a set of tupels including the network-terms t and their significance s for a network
G = (V,E, W, tsart,tend). Ta defines the lexicon of the network.

Additionally, the network of the whole social information space (SIS) including all nodes and
edges are needed: Gsrs = (Vsrs, Esis, Wsis,tstartsrss tendsys)- SIS represents the whole
content of the social information space.

The normalized term frequency nf of a term t; applied on a network G calculates the term-
frequency in the network divided by the total frequency of all terms in the network.

ZvaeV fes(ti,va)
ZUQEV Z tG € TGsz (tG7 Ua)

The inverse document frequency idf of a term t; calculates the number of all nodes of the
social information space divided by all nodes including the term. Thereby the actual network
are considered as one node.

nf(t;,G) = (5.8)

[Vsrs| — V]| + 1
‘VSIS : fcs(tj,v) > 0| — |V : fcs(tj,v) > 0| +1

The definition of the metric is:

idf (t;) = loga( ) (5.9)

mywrs(G) = Cu.5(Via € T : (ta,nf(te, G) - idf (tc))) (5.10)

5.1.6 Network Term Search

This metric returns a set of tupels of all nodes in which a specific term exists. Each tupel
represent a node and the frequency of the term in the node. With this metric a basic content
and expert search function is realized. Additionally, it is also possible to visualize the term
in the network by coloring the nodes and changing the node size. An example is given in
Figure 5.2.
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Definition 7 (Network Term Search) The Network Term Search metric returns a set
of tupels for a term t; € T by a given network G = (V, E, W, tsart, tend). Ta is the lexicon
of the network G. Each tupel includes a node v and the frequency f of the term in the node.
The metric can be described by the following function:

(vaafos(tj7va)) Zf sz(tj7Ua) >0
0 else

mywrsEe(tj) = Cr p)(Yoa €V : { ) (5.11)

Figure 5.2: Collaboration network of the category Astronomy,
visualisation of the term busi [English Wikiversity]

5.2 Analysis of the Content Development by Statistics

Another aspect is the analysis of content development by generating different diagrams. The
development of an article, a topic or the whole Wiki can be regarded. Thereby discovering
different content development phases, like the growing or shrinking of the content, is possible.
The growth of the content can be distinguished by the expansion of existing topics or the
creating of new ones.

Compared to other content analysis methods, like regarding article sizes, it is possible to
consider the addition and deletion of terms. In this context the addition of new or existing
terms can be differentiated. It is also possible to regard only keywords of the content.
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This section introduces specific diagrams. It gives only selected insights in possibilities of
content development analysis.

5.2.1 Content Development in a Social Information Space

The content development in a social information space can be analyzed by visualizing the
added, deleted and existing terms. Therefore it is possible to find out different development
phases. Compared to analysing the content development of the whole social information
space, parts of them can be considered. Another aspect is the utilization of the keywords
instead of the terms.

If there are periods with terms of low adding and deletion value, the content will not be
extended meaningful. It is also possible to detect different periods of activity by regard-
ing the number of term adds. With the distinction of new and existing added terms the
content development can be analyzed more exactly. The addition of already existing terms
points out that the existing topics are extended. If new terms (no occurence in the existing
content) are added, the emergence of new topics will be observed. On the other side, a
diagram about the deleted terms visualizes how much content is removed. A view of the
whole existing content is also of interest. Because of that one is able to see the growth and
shrinking of the content.

Another aspect is the differentiation between the number of added (deleted, existing) and
the number of distinct added (deleted, existing) terms. By the view of the number of dis-
tinct terms the breadth of the content is regarded, whereas the number of terms represents
the size of the content. For example, if the difference between the number of terms and the
number of different terms is high, the terms will be used more than one time. In this case,
the content of a topic is large. The topic contain a lot of text.

The Figures 5.3 and 5.4 visualize the content development of the category and article As-
tronomy. The diagram at the top of both Figures (5.3 and 5.4) presents the development
of the whole content. At this point the number of existing terms are visualized. The sec-
ond diagram shows the number of existing added terms and the last diagram visualizes the
number of new added terms. Thereby different development phases are visible. In Figure
5.3 the content grows, whereas in Figure 5.4 the content is repetitively deleted. If there are
weeks without term adds, there will be no activity. The category Astronomy has not been
existed since the creation of the English Wikiversity, because the first creation of content
was after the opening of the English Wikiversity.

In the content development of Figure 5.3 a creation of many topics is firstly visible. After
this initial topic creation the existing topics are extended. The same behavior can be seen
in Figure 5.4.

Another example is given in Figure 5.5. The content development of the German Wikiversity
is presented here. Thereby three main namespaces are differentiated. In the first months a
period of less content development can be identified. Since August 2006 the adding of new
content has been grown up like an explosion. In most of the months the adds of existing
terms is higher than the adds of new terms. That refers to the conclusion that the devel-
opment of the content is more an extension of the existing topics. The adds of new terms
shows, that new topics are created.
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5.2.2 User Collaboration by the Content Development

Another aspects are authors, who develop the content. The collaboration of authors and
the detection of core content developers are one central aspect.

The collaboration level can be regarded by calculating the number of authors using a term
or keyword. If there are a lot of authors using a term, the collaboration level based on
this term will be high. Expanded to all terms one can find out the collaboration level of
the content developers. If terms are mainly used by one author, it will be an indication
that each author has his own field of activity. Then each author adds seperativly his own
content.

The visualization of the number of terms, which are added and deleted by each author, is
the first step for the identification of the central core content developer. Like in the section
before the number of added/deleted and the number of distinct added/deleted terms can be
differentiated. The number of distinct added/deleted terms refers to the number of distinct
topics an author has.

The Figure 5.6 visualizes the distribution of terms over authors. For example there are 209
terms, whereby each term is used by three users. The collaboration level in the category
Astronomy is high because there are a lot of terms used by many authors. But there are
also terms only used by few authors. That is if only a small collaboration is given by these
authors. But it is also possible that these terms are misspellings. The certainty that there
are anonymous users should be also considered of the analysis.

The Figure 5.7 gives an overview about the activity of each user. There are a lot of users
with low activity, because they have a minor number of term adds and deletes. Authors
like Mu301, Mirwin, Roadrunner, RemiOo and Cormaggio are the core content developer,
because they have a huge number of term adds and deletes. But there are also vandalism-
authors, like 203.81.161.143 and 212.219.59.241. They have a huge number of term deletes,
but no terms were added from them. Another author group, who could have this behaviour
are the Bots.
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6 Discussions

In principle, the consideration of terms extends analysis possibilities of a social information
space. Some defined analyses only offer a point of entrance for further analyses. Now the
advantages and disadvantages of the analysis methods are presented. Unfortunately the use
of the methods with large data sets could not be accomplished. Until now only the German
and English Wikiversity are used for the development.

The term metrics extend the analysis possibilities of networks by considering the terms.
The different views of the content allow different interpretations. These are views of the
current, the changed and also the most edited content. By the definition of metrics, the
existing network tools can be used. Therefore it is possible to visualize the metrics in the
network.

The use of the node and network term frequency metrics extends the knowledge of a node
or network. The most frequent terms and therefore very important terms for the node or
network can be regarded. But the occurrence of wiki specific terms adulterates the results
(e.g. wikiversity, wiki, etc.). It is possible to remove them by the extraction step, but an
automatic neglect would be more efficient. With the Network Term Frequency metric it is
not recognized whether these terms arise in only one article or in more than one. If they
arise in few articles, they are not representative for the network. They only indicate which
content is the largest.

For this reason the Network Term Distribution metric is introduced. Here the terms which
occur in most nodes are indicated. Those are the terms which describe a network very well.
But in this case also wiki specific terms can adulterate the analysis.

The node and network term significance metric points out really representative terms, called
keywords. Those are terms which occur mainly only in one node or network, but then fre-
quently. The computation of these metrics is more complex than of the other metrics.
Because in these metrics the whole social information space is considered. The wiki specific
terms are not taken into account, since they likewise occur within other ranges outside of the
regarded network or node. A combination of the Network Term Significance and Network
Term Distribution metric should improve the identification of the very important terms of
a network. The size of the network affects the result substantially. The more large the
network, the smaller the rest of the regarded social information space is. Mostly in a huge
network a lot of different topics exist. In this case the most important terms belong to the
largest topic or they are wiki specific terms.

The Network Term Search metric is a first step for searching content or actors. The discov-
ered nodes can be visualized in the network. But it is not possible to search for more than
one term or phrase. This reduces the searching possibilities.

Another problem arises from the term frequency, distribution and significance metric, if all
regarding terms have the same important values. In this case either no term or all terms
are important. The combination of the metrics is one possibility for solving the described

27



problem.

The consideration of the content development gives an advantage to other analyses because
the stop words are not considered. Only the essential content is part of the analysis. The
consideration of the keywords is another aspect. Here the development of the topics can
be regarded. It is also possible to distinguish between the adding of new or existing terms.
Another aspect is the comparison of the added and distinct added terms.

All diagrams offer a good overview and a point of entrance for further analyses. Beside the
presented diagrams an automatic computation of the interesting ranges, e.g. ranges with
a high activity, would be interesting. In this case, the results of the analyses would be no
more dependent on the interpretation of the diagrams. With an application on large data
sets the regarded periods have to be increased.

With diagrams like 5.3, 5.4 and 5.5 different development phases can be discovered - phases
in which the content was deleted, added and changed or phases of stagnation. The type of
the content development can also be seen. At this point a constant can be distinguished
from a stepwise growth. A comparison between different areas (e.g. namespaces) is given
in Figure 5.5, where a different development is detected. All diagrams have a restriction
because of unrecognized activity inside the regarded periods.

Other aspects are the actors of the content. First, the collaboration level is visualized in
Figure 5.6. This diagram is only a first insight of the author’s collaboration. A function for
the computation of the collaboration level is required. The diagram offers the possibility
for further analyses. Who are the authors, who used one term together? Did they use also
other terms? What about the authors, who used a term separately? Did these authors add
content only one time? These questions can be answered only by further analyses.

With Figure 5.7 the most active authors can be found. Furthermore it is recognizable
whether all authors have the same activity or whether there are main authors. For exam-
ple further analyses are the consideration of added and deleted content of specific authors.
Interesting questions could be “Did the authors remove their own contents or contents of
other authors?” or “What about the active authors (like Mu301)? Did they work elsewhere
or only on specific articles in the social information space?”. With the diagram it is also
possible to find out potential vandalism authors. These are authors who deleted a lot of
content without adding anything. One problem is the visualization of a lot of actors. A
possibility to solve the problem is the consideration of only important actors.

The content development diagrams are good methods for visualizing the content and get-
ting interesting approaches for further analyses. All diagrams should be extended by an
automatic computation of the interesting ranges in order to find better points of entrance
for further analyses and for a better comparison of different diagrams.
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7 Conclusion and Qutlook

The analysis of social information spaces combined with the additional view of the terms
augments existing analysis results. By considering the terms the content is included into
the analysis.

The first step is the extension of the network analysis. With this extension, information
about the content concerning the networks and their nodes are available. Through using
the term frequency metrics the topic terms of a community or category network are visible.
Furthermore the most important terms of an article or an author can be extracted by using
the Term Significance metrics. These terms are called keywords. The topic distribution
within a network can be visualized by using the Network Term Search metric. The appli-
ance of this metric enables the identification of undiscovered dependencies between articles
or authors. This case will arise, if two unconnected nodes have the same term. In principle
it is also a search for content element or actor nodes which contain a certain term. With
this metric in a WikiLink Network the articles of a specific topic can be found. In a Col-
laboration Network it is a search for specialists of a specific topic.

A new analysis is given by considering the content development. This analysis allows to
identify different development phases and it is possible to differ between the adding of new
content or the enhancing of existing one. Other aspects are the actors of the content. By
considering terms, a new possibility for analysing the collaboration and activity of actors is
given.

In order to be able to evaluate the defined analysis methods better, analyses on huge amounts
of data have to be accomplished in a next step. Actually the methods are only applied for
implementation and tests. The feasibility to other social information spaces have to be
proved as well.

The term extraction and the definition of metrics is only the first step for analysing the
content. The descriptions in this paper gives an initial concept for content analysis. On
the one hand the extraction of the terms and the creation of the term database can be
extended and improved. On the other hand new analysis methods by using the terms can
be implemented. But also an improvement of the developed methods is possible.

The extraction of the terms can be extended by applying syntactical and semantical anal-
yses such as Part-Of-Speech or Parsing. With these methods the words are classified into
nouns, verbs, adjectives, adverbs, conjunctions, foreign words, etc. Furthermore it is pos-
sible to sum up words to groups of words and phrases. The semantical analysis allows the
identification of ambiguous words. The classification of terms to a specific topic also very
important. With this concept groups of terms can be considered and the extraction of the
significant terms of a node or network can be extended by regarding term groups. Another
point is that the term database can be enhanced by precalculating and saving the term
significance value for each term in each content element. In this case the following analysis
based on the significance metrics will be faster.
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Currently the Network Term Search metric allows only the searching for one term. But
in most cases the searching for a group of terms or phrases is desired. Consequently the
extension of the Network Term Search metric is needed. The extension of all defined met-
rics by using groups of terms or phrases with the same topic is another very important
enhancement.

Additionally, it is possible to use the terms for other analyses. In this context the cluster-
ing of content elements based on the terms is possible. Another analysis possibility is the
automatic extraction of topics. With this method the important topics can also be found.
The definition of new networks based on the terms are also very interesting.

The next steps are the extension of the term extraction and the Network Term Search met-
ric. Consequently, some analyses will follow. The clustering of content elements and the
automatic extraction of topics will be developed as well.
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8 List of Abbreviations

SIS Social Information Space
InfoSpace ... .o Social Information Space
N Node Term Frequency
NS Node Term Significance
NWTE Network Term Frequency
NWTD o Network Term Distribution
NW LS Network Term Significance
NW L SE Network Term Search
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