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Abstract 
The daily work for anyone working in a research position includes finding, managing, 
and reading cumbersome amounts of documents. Often it is necessary to get acquainted 
with new fields of research in a limited time. A helpful tool for these tasks could be the 
growing field of text mining. 
 
The objective of this thesis is to explore which text mining techniques could be 
beneficial for users in a corporate research environment, which algorithms to use, and 
how to visually present the results. 
 
Interviews with potential users show that techniques for clustering and prediction are of 
most interest, prompting an implementation of a complete software tool, SCAtter, for 
extracting, clustering and visualizing a document collection from a database.  
 
The implementation was successful, the algorithms described and used can be 
considered to be state-of-the-art, and performs very well. Uncomplicated modes of 
visualization are effective in providing users with relevant information. In conclusion, a 
text mining tool such as SCAtter can be very useful to a research and development 
department.  

 

Sammanfattning 
Det dagliga arbetet för någon med forskning och utveckling bland sina arbetsuppgifter 
innefattar att hitta, organisera och läsa otympliga mängder dokument. Ett användbart 
verktyg för dessa uppgifter skulle kunna vara det växande området text mining. 
 
Målet med detta examensarbete är att undersöka vilka text mining-tekniker som kan 
vara användbara för forskning och utveckling i en företagsmiljö, vilka algoritmer som 
bör användas, och hur resultaten ska visualiseras. 
 
Intervjuer med potentiella användare visar att klustrings- och prediktionstekniker är av 
störst intresse, och leder till en implementering av ett komplett mjukvaruverktyg, 
SCAtter, för extrahering, klustring och visualisering av en samling dokument ur en 
databas. 
 
Implementeringen genomfördes framgångsrikt, algoritmerna som beskrivs och används 
kan anses tillhöra de bästa, och ger bra resultat. Okomplicerade visualiseringssätt ger 
användaren relevant information på ett effektiv sätt. Sammanfattningsvis kan ett verktyg 
för text mining såsom SCAtter vara mycket användbart för en forskning- och 
utvecklingsavdelning
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1 Introduction 
Modern technology gives the user access to the world of information at her fingertips. 
Literally billions of documents are mere seconds away, specialized databases containing 
millions of articles gives us immediate access to thousands of articles on a given area of 
interest. Sometimes a document search can give overwhelming results, returning a 
cumbersome amount of possibly relevant articles. A large amount of time is spent 
sifting trough the results, trying to get a grip on the structure of a specific area of 
knowledge, in order to create a mental map of the structure of the available knowledge. 

Example 

Wondering what is written about martial arts from a medical point of view, a user types 
‘martial arts’ into the search field of PubMed (PubMed), and is rewarded with 508 
results. Hours are spent superficially reading through the abstracts trying to see what 
kinds of studies have been done, and how they are connected. 

1.2 This Thesis 
This thesis is divided into twelve chapters, this first one being the initial part where the 
topic of the problem is introduced and explained. Next is the theoretical framework 
where the reader is acquainted with the subject of text mining, the background and 
different technologies are explained. Chapter tree covers the methodology used in the 
development of this project, and is followed by an analysis of the project. A toolkit 
called Cluto is used in the project, and is explained in chapter five. In chapter six the 
implementation of the project is discussed. Chapter seven contains test results, chapter 
eight and nine are discussion and conclusions respectively. References, terminology and 
appendix conclude the thesis.  

1.3 The Company 
SCA is a global company that produces and sells absorbent hygiene products, packaging 
solutions and publication papers. SCA Hygiene Products produces tissue, incontinence 
products, baby diapers and feminine hygiene products, with a stated mission to provide 
essential products that improve the quality of everyday life. 
 
Out of 50.000 employees nearly 300 are involved in research and development, most of 
which are seated at SCA Personal Care in Mölndal, Sweden. Research covers a wide 
range of areas, from applied research to pure product development, from environmental 
interaction of the products to examining new technologies. The results of the research 
can be seen in products in stores all over the world.  

(SCA, 2005) 

1.4 The Problem 
A common task in a research environment is to get acquainted with new topics, 
immersing in new areas of research, and get an overview of studies done, papers 
written, and knowledge discovered. A common source of information is PubMed 
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(PubMed), where abstracts for millions of papers can be found. Often a search can 
generate hundreds of documents, and to read them all can be to time-consuming. When 
venturing into a new field this can prove to be a problem, and stand in the way of 
development. 

1.5 Aim of Thesis 
When looking for a solution eyes turned to text mining, using computers and algorithms 
to prepare the document collection, finding structure and order. The aim of this thesis is 
to deliver a tool that uses text-mining technology to find a structure in a collection of 
documents, and present the results to the user in an intuitive and usable manner. 

1.6 Limitations  
The software will not be completely general, but has to be adapted to the different data 
sources it will be used with. The delivered version is tailored for use in conjunction with 
PubMed (PubMed), but can easily be adapted to any data source that can deliver data 
collections in XML format.  

1.7 Beginning 
The start of this master’s thesis was the phrase “We are interested in what possibilities 
text mining can have for our company.” The phrase caught our attention since, although 
our knowledge of the subject was pretty vague, it concerned a pretty new exciting use of 
technology, and a large company willing to let us find out how it could be used.  
 
Our first step was to advance our knowledge, and by books and papers we managed to 
get a clearer picture of the field of text mining.  In the next chapter we aim to acquaint 
the reader with the background and different technologies of text mining. 

1.8 SCAtter 
We choose to call our project SCAtter, from the company name and the programs 
function; to disentangle an incomprehensible conglomeration of texts into usable, 
coherent groups. 
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2 Theoretical Framework 
In this chapter we will briefly introduce data mining, which is the general term for 
statistical and algorithm based ways for analyzing data, and in more depth discuss text 
mining and its technologies. 
 
Traditionally, statistical methods have been used to extract information and looking for 
patterns in data. The latest decades have brought about a kind of information revolution. 
Since the invention of the transistor computing power has increased at a steady 
exponential rate. A modern CPU contains hundreds of millions transistors, and is 
capable of billions of calculations per second. At the same time sizes of data storage has 
increased to levels of hundreds or thousands of gigabytes, while prices have dropped. 
These factors, in conjunction with advances in algorithms and data collection, allows for 
far more advanced and refined methods for extracting information and finding patterns 
and relationships in data than has ever been possible before. 

2.1 Data Mining 
The term data mining comes from the notion that there exist large collections of yet 
unprocessed data, from which one can extract useful and valuable information and 
knowledge. In reality, it isn’t that much about finding the gems in the data ore, but more 
often about finding patterns with predictive powers in a collection. This problem has 
been extensively studied, and the subject can be considered to have reached a point of 
maturity. 
 
Typical business uses include predicting spending patterns of both individuals and 
groups, as well as tuning marketing efforts to maximize the return on investment. Other 
uses can be risk analysis or market prediction. 

Example 

The owner of a retail store deploys a data mining system on a database containing 
customers’ purchases, and gets both trivial and surprising results. The trivial result 
include that someone who buys snacks is likely to buy canned beverages. Far more 
interesting to the store owner is the unanticipated fact that on Wednesdays, many 
elderly people buy expensive foreign food ingredients, but only from the shelf marked 
“Exotic”. The system, although unable to explain the behavior, helps the owner to 
rearrange some items in the store, and increases his profit on the Wednesdays. 

Example 

An organization uses data mining to distinguish the customers most likely to respond to 
a certain promotional offer to avoid spending money on unnecessary mailings.  
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Example 

A large company is in the process of investigating potential acquisition candidates. 
After doing extensive data collection on the candidates and on similar acquisitions, a 
risk analysis is done using data mining to exclude the candidates which data mining 
identifies as having a greater risk of bankruptcy. 
 

(Thearling, 1996), (Weiss, 2005). 

2.2 Text Mining 
The goal of text mining is the automated processing and, in some future, understanding 
of natural language text. Text mining is an active and very sprawling research area, with 
branches in data mining, natural language, statistics, numerical analysis and more.  Text 
can be described as being highly unstructured data, and according to some, as such 
requires a totally different toolbox than data mining which handles structured data. 
Another view is that text can be transformed to a structured data format, with distinct 
measurements like frequencies of words and phrases, or the absence of certain of them. 
Which stance to take depends on which questions needs answers. The future goal of 
automated understanding of natural text need a more linguistic or perhaps philosophical 
approach, while some of today’s more hands-on prediction problems are well suited to 
be transformed to a data mining problem. Often a compromise of sorts is used, with 
customized data mining technologies being applied to text that has been preconditioned 
with linguistic methods and transformed to a high dimensional data set. 

2.2.1 Prediction 
The concept of prediction often appears in the context of text mining. In general, the 
process of prediction involves using historical information to create a predictor of some 
sort, and then apply the predictor to new instances to predict the outcome. It is not 
within the scope of this thesis to discus the different methods available; however an in-
depth starting point is Text Mining (Mitchell, 1997). 

2.2.2 From Text to Numbers 
To be able to apply data mining tools and technologies on a text mass it has to be 
prepared. A number of steps are usually involved. 

• Tokenization; deciding what parts of a text are words, delimiters, numbers or 
any other symbol, resulting in a stream of tokens. 

• Stemming; converting each token to its root form. 

• Vector generation; creating vectors corresponding to the tokens of the text. 

(Weiss, 2005) 
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2.2.3 Metrics 
To be able to compare methods some common metrics are used, precision, recall, and to 
some extent, entropy. Recall and precision are used in conjunction to evaluate the 
efficiency of document retrieval; entropy and purity are used to measure how well a 
clustering algorithm orders a document collection. 
 
Recall is defined as the number of relevant document found divided by the number of 
relevant documents available; precision is defined as the number of relevant found 
divided by the total number of documents found. Entropy is a measure of how the 
classes of documents are distributed within each cluster.  The purity is calculated as the 
inverse of the number of classes of document that a cluster contains. 

2.3 Categories in Text Mining 
When pursuing the area of text mining five major areas can be discerned: 

• Categorization 

• Clustering 

• Information Retrieval 

• Information Extraction 

• Emerging Trend Detection 

These are not five distinct categories, but more a way of organizing the different key 
ideas in text mining. Many text mining solutions stretch over more than one of these 
categories, others yet fail to be readily categorized. Still, we feel that it gives a good 
structure to text mining discussions. 

2.3.1 Categorization 
Text categorization is the assigning of predefined labels or categories to text documents. 
A well-known problem, libraries have done categorization for hundreds of years, 
newspapers categorize their articles, and the examples are plentiful. Automated 
computerized categorization has also been an area of research since the late 1950s. 
(Weiss, 2005) 

Example 

An email client uses a word scoring algorithm to determine the probability of an 
incoming email being an unsolicited commercial email, and accordingly sorts it into 
either the spam folder or lets the email continue to the inbox. 

2.3.2 Information Retrieval 
When exploring the area of document processing and computing perhaps the first thing 
that comes to mind is information retrieval, the task of retrieving relevant documents 
matching a user’s query. At first glance a seemingly simple task, but it quickly becomes 
apparent that there is more to it than matching keywords with words in a document. 
With the vast amounts of documents available many queries can return thousands or 
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millions of document containing the keywords, of which possibly only a few are of 
interest to the user. The simple search procedure can be summarized as: 

1. Specify query 

2. Search document collection 

3. Return document matching query 

(Weiss, 2005) suggest a slightly different model as to accommodate the text mining 
component: 

1. Specify query vector 

2. Match documents collection 

3. Get subset of relevant documents 

4. Examine document properties 

The final steps allows for predictive methods to rank the documents, and present the 
highest ranking to the user. 

Example 

Upon doing a search on the popular search engine Google, a user’s query is matched to 
a number of web pages by Google’s index server. Each webpage indexed by Google is 
awarded a score called PageRank™, the value of which is determined by considering 
links between pages as votes of sort. The PageRank™ together with algorithms scoring 
the relevance of the matched keywords on the page determines the order in which the 
matching web pages are presented to the user. 

2.3.3 Information Extraction 
Where information retrieval focus on finding relevant documents, information 
extraction focus on finding relevant pieces of information in documents, and aggregate 
these facts into a single view. The goal of information extraction is to make information 
contained in natural language text available in a structured database. Information 
extraction can be considered being a subset of full text understanding, in the sense that 
semantic features of the text are used to find named entities, attributes, facts and events 
from the original text. Relationships between entities and events have to be established. 

Example 

A financial analyst needs to keep track of executive positions in companies, and instead 
of personally scanning newspapers, articles are fed to an information extraction system 
that manages to extract the facts on transitions; who leaves which company, and what’s 
his/her new position at which company. These facts are neatly arranged in a database 
for easy tracking of both positions and persons. 

2.3.4 Emerging Trend Detection 
When a topic area comes into being, and starts to attract more and more of people’s 
interest, it can be considered an emerging trend. Emerging trend detection is an attempt 
to automatically catch these trends at an early stage, by tracking the incidence of 
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keywords on electronic media. Certain patterns, either human defined, or statistically 
derived are then compared against to decide if a subject should be considered an 
emerging trend. 

Example 

A market analyst specialized in biotech companies is interested in recent medical trends 
that will have an impact on the companies she is tracking. In conjunction with the 
traditional approach, an emerging trend detection system can help reviewing technical 
and news-related literature and thus simplifying the work needed. 

2.3.5 Clustering 
Clustering is a technology similar to categorization, but with a big difference; no 
predefined labels exist. Instead these algorithms have to rely on the textual information 
to create groups, and put each document together with other document deemed to have a 
related content to create clusters of documents. 
 
Several algorithms exists in the realm of clustering, some of the more well-known are 
K-means, Fuzzy C-means and Hierarchical algorithms. (Mitchell, 1997) 

Example 

Upon searching a medical database for ‘sport injuries in Sweden‘, a user get 341 
abstracts in return. Instead of reading trough them all, a text clustering tool is used to 
see that the document collection can be divided in a few major groups, thereby helping 
the user to find a structure in the collection, and find the material that was actually 
significant to the subject the user had in mind. 

Example 

A user uses a clustering internet search engine and performs a search on “Saturn”. The 
results are neatly divided in two groups, one group about the car Saturn, and one 
containing results regarding the planet Saturn. 

2.4 Document Preprocessing 
In order to improve the performance of clustering one can preprocess the documents in 
various ways. Two commonly used techniques are removal of stopwords and stemming. 
Both techniques are applied before the actual clustering take part.  

2.4.1 Stopwords 
Stopwords are words occurring frequently in a text such as a and the. Such words 
usually do not contribute to a clustering solution, as they occur too frequently, and also 
do not add a lot of information. For example, Adam has an apple and Adam has the 
apple is almost identical in the context of deciding what the meaning of a document 
with that sentence is. The algorithm used to remove the stopwords is very simple 
(Algorithm 2-1). 
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1. For each word in the document collection do 

a. If the word is on the list with stopwords, remove it. 

Algorithm 2-1: Stopword removal algorithm 

2.4.2 Stemming 
Stemming is the process of determining the stem form of a given word.  This is used to 
reduce the number of different words in a document, since words with the same stem 
usually have a similar meaning. For example, stemming, stemmed and stemmer can 
often be replaced by stem without a great loss of information. Stemming only take into 
account a single word, not the context in which the word is present. This makes the 
process simpler and faster, but in the same time less accurate. Lemmatization on the 
other hand tries to see the context, and can therefore give better results. However, the 
algorithms used become much more complicated, and are not guaranteed to produce 
better results than a stemming algorithm. 

2.5 Keyword Selection 
Keyword selection can be very crucial in some algorithms, when the result is directly 
inherent on the quality of the keywords.  A common approach is to score the value of 
the importance of a word in a document proportionally to its frequency in the document, 
and inversely proportional to its frequency in other documents. 

2.6 Visualization 
To make the result of a clustering algorithm more accessible to the user, different 
methods of visualization have been developed. Many are graphically advanced and 
imaginative, other methods are less complicated. The methods selected in this thesis can 
be considered being of the latter kind, with the justification that a simpler visualization 
require less computing power, and often convey as much information. Some 
background on these methods is given below. 

2.6.1 Binary Tree 
It can always be assumed that a given cluster has more likeness with one other cluster 
than it has with the other clusters. With this is mind, a binary tree of clusters can always 
be constructed by connecting the two clusters with most likeness, and treating them as a 
new cluster. By continuing in this way a tree structure is constructed, with a root node 
representing all clusters, and two sub nodes that can be further divided until the total 
number of clusters is engaged in the tree. 
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2.6.2 Dendrogram 
A dendrogram, or dendro map, is a space efficient way of visually representing a binary 
tree.  The root node is place in the center, the two child nodes of the root are place on 
either side of the root, at a 180 degree angle from each other. Recursively, further nodes 
are placed on either side of their respective parent nodes, at a diminishing distance. The 
dendro map is computationally light way of “[mimicking] a non-Euclidian 
transformation of the plane as used in hyperbolic maps” (Carey, 2003) 

2.6.3 Cluster View 
Another view is to show the clusters only. Even though this seems to be a simpler view 
than the dendrogram, the dendrogram can still be used to calculate positions for the 
clusters. In this way similar clusters will end up in nearby positions, which is desirable. 

2.6.4 Radial Visualization 
The radial view is in fact a clustering algorithm with an inherent visualization mode. 
The idea is to place keywords on round a circle, and then anchoring each document the 
relevant keywords along the circle. This is analogous to suspending the document in 
springs connected to each keyword, with a stronger spring for keywords more relevant 
to the document.  

2.7 Cluto 
Cluto is a clustering toolkit, which does clustering of datasets and analysis of the 
generated clusters. It can cluster both high- and low dimensional datasets. Cluto uses a 
vector space model to represent the input data, and can be used on a wide variety of 
datasets.  

2.8 Current Systems 
The field of text mining is relatively new, but there still exist a number of text mining 
tools. Many of these tools are academic, for example implemented to test an algorithm. 
However, there also exist commercial alternatives, an overview of online clustering 
search engines is provided below, and a list of major vendors and their applications is 
presented in the paper Tapping into the Power of Text Mining (W Fan, 2005). 

2.8.1 Online Clustering Search Engines 
There exist a number of online search engines with clustering capabilities; a number of 
them are listed here. Some of them operate directly in a web browser without any 
additional software (iBoogie, Clusty, Vivísimo, Teoma, QCS, Highlight and Mooter), 
and some need Java or Flash installed (Vishnu, KartOO and Google Enabled Visual 
Search). 

iBoogie 

iBoogie is an online clustering search engine developed by Cyber Tavern. It has a 
simplistic search interface similar to Google, but with a column to the left with cluster 
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categories (Figure 2-1). iBoogie does not by itself index web sites, but tries, where 
possible, to use already available search engines. It is possible to limit search to 
different categories, for example Medical or Science. If for example Medical is selected, 
the engine will search in medical databases such as PubMed. There is also a possibility 
to customize the categories. It is available at http://www.clusterizer.com 

 

Figure 2-1: A search in the clustering search engine iBoogie with the keyword sca. 

Clusty and Vivísimo 

Clusty and Vivísimo are in many ways similar to iBoogie. They have about the same 
features and appearance. Clusty is a search engine using Vivísimo’s technology to do 
the clustering, and the search windows on both sites are almost identical. However, 
Vivísimo also has a specialized version of the search engine, Biometacluster, which is 
better at customizing which databases to search in the area of life sciences. Clusty, 
Vivísimo and Biometacluster can be found at http://clusty.com http://vivisimo.com and 
http://biometacluster.com respectively. 

Teoma 

Teoma is a search engine that compared to for example iBoogie focus less on the 
clustering. The clustering feature is here simply a small list of suggestions to refine the 
search, and not at all compared to the capabilities of iBoogie. It is available at 
http://www.teoma.com 

Query, Cluster, Summarize 

QCS (Query, Cluster, Summarize) is more of a research project than a usable search 
engine. It was designed to improve efficiency in literature searches in for example 
databases with journal articles. QCS is in contrast with the other engines discussed 
open; references to the various algorithms used, some source code and a report on the 
engine are all available at the QCS homepage. The actual search engine was not online 
at the time for writing this text, but the background, report and intro text was still online 
at http://www.math.umd.edu/~ddunlavy/qcs/  

Vishnu 

Vishnu is a version of the InfoNavigator tool described in (M Carey, 2003). It has four 
different visualization methods, two that we have used as base for the visualizations 
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implemented in SCAtter, Dendro Map and Radial. At the time of writing this report 
Vishnu did not function properly, however, we have been able to run it earlier and the 
web page is still online at http://mmir.doc.ic.ac.uk/demos/vishnu.html 

KartOO 

KartOO is a search engine that visualizes the search result as a list of interactive maps. 
It selects the most relevant pages and places them on a map, and then the user can hover 
the mouse pointer over a page and see how it is linked with other pages on the map, 
what keywords that are related to the page and view a small preview of the page (Figure 
2-2). It also has a list of cluster categories to left, in a similar way to for example 
iBoogie. Together with Google-enabled visual search, KartOO uses the most advanced 
visualization of the search engines covered here that were online at the time of writing 
this report. KartOO can be found at http://kartoo.com/  

 

Figure 2-2: A search using the online clustering search engine KartOO. 

Highlight 

This is a search engine in many ways similar to Clusty and iBoogie. It uses the same 
basic design to display the search results; a standard list with search results as seen in 
most search engines, and a column to the left with a hierarchical clustering. However, 
the user only has a small range of options. For example, the user can only choose 
between standard search engines such as AltaVista and Google, but not specialized 
engines or databases such as PubMed. Highlight is available at http://highlight.njit.edu 

Mooter 

Mooter has as most other search engines covered in this section the basic cluster/result 
view, with clusters to the left, and a result list in the middle. However, the actual 
clustering does not produce very deep hierarchies, on example searches performed only 
1 or 2 levels were displayed. Except for the standard clustering view, Mooter has a very 
basic star visualization of the clusters. The search engine can be found at 
http://www.mooter.com 
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Google-enabled Visual Search 

Google-enabled visual search is not a clustering engine in the same way as the other 
covered, but more of a connection visualizer. The user does a search, and then selects 
which of the results to visualize and switches to the visualization view. The user then 
get a graph with connections between pages which has links to each other (Figure 2-3). 
The user can also add or remove sites, or for example select a page and expand similar 
sites. The search engine is intended as a demo of the solutions i2 Inc. provides. i2 Inc. is 
a worldwide provider of visual investigative analysis software. Google-enabled visual 
search can be found at http://www.onlineilink.com/demos/google/ 

 

Figure 2-3: The connections between web pages in a search result visualized by Google-enabled Visual 
Search. 
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3 Methodology 
In this chapter we will cover the methodology used during the project. First a quick 
overview will be presented, and then a presentation of the specific parts will follow. 
 
At the beginning of the project there was no clear definition of the expected end result. 
This placed some special demands on the development process. To get satisfactory 
results for all parts, a multi-cycle iterative structure was used for the project. This means 
that requirements, design, implementation and testing were repeated iteratively, and 
regular contacts with our supervisors at Chalmers and SCA helped us advancing the 
project. Further theoretical studies were performed in parallel with the iterative 
structure, to gain knowledge of the different issues that come up during the project. 

3.1 Pre Study 
A pre study was necessary to understand the subject of text mining, to be able to see 
possibilities and limitations of the technology. This took form of a literature study with 
both books and relevant articles on the subject. To find relevant articles, a number of 
sources were used, including the online article search engines CiteSeer, Google Scholar 
and the ACM Digital Library. We also got book recommendations from our supervisor 
at Chalmers. After putting an end to the pre study the reading part still went on, but in a 
much slower pace, to reflect the new issues that come up during the project. This was 
necessary due to the project, with its iterative structure and dynamic changes. 
 
Besides the literature study, we also conducted an overview of existing software and 
tools, to see what had been done, how it had been done and if we could use it. This 
research was mostly based on references found in books and articles found in the 
literature study, but also using standard search engines such as Google. 

3.2 Presentation and Discussion 
Besides the pre study, an understanding of the work done at SCA R&D was needed. It 
was also important to familiarize representatives of the intended users with text mining 
in general, but also to introduce us. This led us to hold a presentation on the subject 
followed by a discussion. Each of these meetings was scheduled to take about an hour. 
In the presentation we described text mining in a similar way to how it is presented in 
section 2.2 and 2.3 in this report.  

3.3 Requirements 
A requirements specification is produced in accordance with prevailing standards, to 
formalize the ideas that started the project, or new ideas during an iteration phase. 

3.4 Design 
Building a prototype user interface specifies the design of the project and creating class 
diagrams that defines logical system parts and the functionality needed. 
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3.5 Implementation 
Implementation of the functionality and integrating functionality with the user interface, 
using Microsoft .NET development environment. 

3.6 Testing 
Continual testing during implementation was needed due to the quickly evolving nature 
of the project. The testing took form as both user testing, and internal testing performed 
by us. At each test, the system was evaluated to make sure the software was in 
accordance to the requirements of the users at SCA R&D, but also to give early 
indications of what was feasible to implement and what was not. 

3.6.1 User Testing 
User testing was done in two ways; Monitoring of the users interaction with the 
program, and user interviews. 

3.7 Rapid Prototyping 
As stated a multi-cyclic iterative structure was needed, thus a rapid prototyping 
methodology seemed to be a good choice as a starting point for the implementation. 
This took form in the usage of the programming language Python and a number of 
existing tools during the development phase.  

3.7.1 Python 
Python is a compact language, with strengths in string parsing, a feature that was very 
valuable during the prototyping stage. Python allowed us to minimize the time spent on 
transforming data to make it usable in our prototype, and instead let us focusing on 
evaluating concepts and algorithms. 
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4 Analysis 
In order to create a successful project, a careful analysis of the total goal of the project 
was needed. This includes what was needed by SCA R&D, for example which part of 
text mining which should be most useful for SCA R&D. Another important issue is 
which tools to use to achieve this goal. All these questions will be answered in this 
chapter. First a section about the total goal and its different needs, then a section about 
the specific user base, and finally a section about the specific options this led us to, such 
as which algorithm to select. 

4.1 Overall Goal 
The initial discussions on the subject of text mining resulted in some points that helped 
finding a direction for the project: 

• Clustering of documents shows promise to be a useful technology for in 
particular two areas, 

o Managing document search in PubMed 

o Getting an overview and increase effectively in patentability searches. 

• Emerging trend detection could be very useful for a company, but it is 
questionable whether it is really possible at this time to get satisfactory results. 

• We also learned that SCA R&D already had tried a few different commercial 
solutions, neither of which could deliver desired functionality to a low price. 

• In addition to the commercial solutions, SCA R&D had also developed a patent 
classification system, which however did not proved to be that useful. For 
example, the classification process involved a number of manual steps which 
was not acceptable, and the tool did not get the full acceptance from the intended 
users. 

With this as base, a decision was made to focus on clustering of documents from 
searches in PubMed, including both clustering and visualization of the result. 

4.2 User Base 
The intended user base had at least basic computer skills, and often used the computer 
as a tool in everyday work. They were also familiar with PubMed and the type of 
documents that can be searched and read there. Finally, the users also had knowledge of 
the area from which the documents will be gathered. 

4.3 Choices  
Based on the topics discussed in Overall Goal (4.1) and User Base (4.2), it was decided 
to focus on developing a tool that could cluster search results from PubMed and 
visualize the result in an intuitive way. It was also decided to follow a sidetrack, namely 
get an overview of already existing tools.  
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4.3.1 Core Algorithm 
Due to the both the methodology with rapid prototyping we used, we quite early 
decided to use an existing tool as base for the clustering in the first version of SCAtter. 
We evaluated a number of existing tools, TMI (TMI, 2005), Cluto (Cluto, 2005) and 
The Text-Miner Software Kit (Weiss, 2005). The tool we selected was Cluto, based on 
these arguments: 

• Cluto can be used as standalone software, which means it is easy to test with, 
both the input before preprocessing and the output is readable by a human. 

• Cluto comes with a preprocessing script, which makes it very easy to test the 
whole system early. 

• Cluto is extensively documented, both how to use it, but also which algorithms it 
uses to do the clustering. 

• Cluto allows the user to specify a number of parameters, such as which 
clustering algorithm to use. 

• The author behind Cluto has a webpage, which hosts a web forum. This could be 
useful since it means it is possible to contact the author easily. 

However, Cluto is not perfect. It is released under an academic license that allows use in 
an academic context, but not commercial use. This means SCA cannot use Cluto once 
the thesis project is completed. The algorithms behind Cluto are covered in chapter 5. 

4.3.2 Visualization 
The intended users were not familiar with the algorithmic side of text mining and we 
could therefore not expect the user to deeply analyze the result; it was important to 
select a visualization that could be easily interpreted. Because we selected Cluto as 
base, it was important to choose a visualization technique that was possible to combine 
with the result given by Cluto.  
 
A number of visualization techniques were evaluated, among other gCluto (gCluto, 
2005) and Dendro Map (M Carey, 2003). gCluto was quickly removed from the list of 
possible tools to use, it required too much expert knowledge from the user, and involved 
to much manual work. Based on gCluto and other existing tools, we decided to 
implement a custom visualization technique instead, that way the specific needs of the 
project could be fulfilled. The cluster information given by Cluto includes both statistics 
about the clusters, but also a hierarchical tree constructed from the clusters. Therefore a 
binary tree visualization seemed like a good choice.  
 
A binary tree gives information on several levels; it is possible to see how the total 
collection is clustered into two parts, but also how a side branch is clustered into two 
parts. It is also possible to see which clusters that are close together, leaves with many 
shared branches should be closer than leaves with few or none shared branches. 
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The graphical visualization in the form of a Dendro Map was selected based on its 
visual appearance and its rather simple construction. The algorithm for drawing the tree 
is described in section 6.6. Even though no code or algorithm of the drawing method 
was available, it could easily be implemented. We will later show that the drawing 
algorithm is easy to follow and has good performance. 

4.3.3 An Alternative Approach 
After a fully working version of SCAtter was completed, a decision was made to also 
include another clustering and/or visualization technique. This was mainly to have 
something to compare with and help the evaluation, but also make the system more 
broad and give the user a different view of the clustering or a completely different 
clustering. From the various papers and books, we found the SKWIC algorithm (Berry, 
2004) to be one of the most promising, it is one of the more recent ones, and is 
specifically developed for text clustering. Another option was to use a clustering 
method described in the Info Navigator paper (M Carey, 2003), the Radial 
Visualization. This method does clustering and visualization in basically one step, and 
gives as result a fuzzy clustering. 
 
Thanks to the very elegant and simplistic design of the Radial Visualization and its 
completely different clustering, a quick implementation of Radial Visualization was 
chosen to be included into SCAtter. The Radial Visualization had another advantage 
over SKWIC; it had already been implemented in working software that is available 
online. 

4.3.4 Implementation Details 
Except for the big questions like which clustering algorithm to use, a number of smaller 
decisions were taken during the project. These decisions will be covered in this section. 

The Stemming Algorithm 

As most clustering algorithms get much better performance in terms of speed, but also 
often produce better clusterings when the input is first stemmed, a stemming algorithm 
was needed. The Porter stemming algorithm is widely used and seems to be the de-facto 
algorithm used to stem English text. There also exist free to use implementations of the 
Porter stemming algorithm, so we saw no need to further investigate the stemming 
algorithm and decided to use Porters algorithm. 

Online and Offline Clustering 

The user was as stated before used to making searches in PubMed from its web 
interface. This interface is quite advanced, and allows the user to for example save and 
combine old searches. Because of this, the software should allow the user to either use 
PubMed together with the answers in the software, or have access to all the options 
given by the PubMed web interface. In the same time was it important to allow 
clustering of data not gathered from PubMed to evaluate the system (7.2 20 
Newsgroups). In the end, the most feasible solution was to both allow loading of 
PubMed searches saved as xml-files, and to have a rather basic search interface for 
direct search in the PubMed database. This way we did not have to implement the entire 
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set of search features of PubMed into the software, but at the same time allow the most 
common searches to be done directly from the software. 

Development Platform 

C# and the .NET Framework was selected as platform for SCAtter. This choice was 
made because of: 

• With C# we get direct access to the extensive library provided by the .NET 
Framework. 

• With .NET, the software can run on all Windows platforms with the .NET 
Framework, which means it can run on the computers the intended users have 
access to. 

• It is very easy to create user interfaces with the development environment Visual 
Studio. 

• C# and .NET is growing in popularity, which means it should be relatively easy 
to find developers which can extend or modify the system later. 
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5 Cluto 

5.1 What is Cluto? 
Cluto (Cluto, 2005) is a clustering toolkit, which does clustering of datasets and analysis 
of the generated clusters. It can cluster both high- and low dimensional datasets. Cluto 
uses a vector space model to represent the input data, and can be used on a wide variety 
of datasets.  
 
The clustering can be done with three different sets of algorithms, agglomerative, 
partitioning and graph partitioning. These sets will be explained below in section 5.3. 
The algorithms of Cluto all have in common that they try to optimize a certain 
clustering criterion function either globally or locally. Evaluations of the criterion 
functions can be found in (Y Zhao, 2003) and (Y Zhao, 2001). A number of different 
clustering criterion functions are available, and it is also possible to customize a number 
of other functions and parameters, such as how to calculate similarity between two 
vectors and whether the input vectors should be scaled or not. 
 
In order to optimize the clustering criterion function for the partitioning algorithms, 
Cluto uses a randomized incremental algorithm, which is greedy1, quite fast for big 
datasets and also produces good results. For the graph-algorithms, a multilevel graph-
partitioning algorithm is used. 
 
Cluto can as mentioned also compute a number of statistics about the clusters produced, 
and also provide visualizations of the clusters. Examples of these statistics include 
measurements on how well defined the clusters are and which features best describes a 
certain cluster. This greatly helps to get a summary of the contents in the clusters. 
 
SCAtter is specialized software using only a small set of the features Cluto provides. 
Because of this, only those parts used will be covered in this report. Moreover, the 
algorithms used by default in SCAtter will be covered more in depth than the ones not 
used. For more information regarding the other parts and non-standard algorithms, see 
the Cluto homepage, manual and papers (G Karypis, 2003), (Y Zhao, 2003) and (Y 
Zhao, 2001). 

                                                 
1 A greedy algorithm tries to make the locally optimal choice at each step to find the globally optimum. 
Because of this, a greedy algorithm is not always guaranteed to find the best solution to a problem.  
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5.2 Overview of Clustering Algorithm 
The algorithm used by Cluto can be divided into two steps, the actual clustering and the 
tree construction. An overview of the algorithm is presented in Algorithm 5-1. Note that 
the bisections done in step 1.b.i and 1.c are done using the optimization scheme covered 
in Optimization (5.6). 

1. Cluster 

a. Put all documents to be clustered in one cluster. 

b. Select a cluster with the “best” method: 

i. Bisect each cluster according to the cluster criterion function, 2I . 

ii. Select the cluster which best optimizes the overall clustering 
criterion function. 

c. Bisect the selected cluster in step b according to the clustering criterion 
function 2I . 

d. If we need more clusters goto b. 

e. Repeat step a to d 10 times and select the clustering which best optimizes 
the criterion function. 

2. Build tree 

a. Create a subtree from each cluster. 

b. Calculate score with 2I  for all possible ways of merging two trees. 

c. Merge the two trees which bests optimize the solution. 

d. If more than one tree exist, goto b. 

Algorithm 5-1: Overview of the total clustering algorithm used by SCAtter. 

5.3 Before Clustering 
Cluto uses the vector-space model to represent the documents and their words. This 
means that one document is represented by a vector d  with term frequencies  

mtf tftftfd ..., 21=  where itf  is the frequency of term i  in the document. Cluto also 

has built in support for scaling of the vectors according to the idftf −  term weight 
model. In this model, each document is represented as 
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where itf  is the same term as used in the non-scaling version, i.e. the frequency of term 

itf  in the document, n  the total number of documents, and idf  the number of 

documents that contain the i th term. The vector is normalized by default. 
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5.4 Criterion Function 
In order to decide if two documents are similar, and also get a measure on how similar 
they are, we need a similarity function. The function used by default is the cosine 
function. It is given by: 
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If the vectors are normalized, the formula can be simplified to j
t
iji dddd ⋅=),cos( . 

This means that if two documents ji dd ,  are identical, the cosine function will return 1, 

and if they are completely separated (they do not share any terms), the function will 
return 0. This function can be seen as a measure on the angle between the two document 
vectors, the smaller it is, the higher the value. Cluto also provides a number of other 
similarity functions, such as the Euclidian distance between the two objects. 
 
As stated in the beginning of this section, apart from a similarity function, we need a 
function that can calculate how good or bad a cluster is. This function is called the 
cluster criterion function. The default criterion function used by SCAtter is the 2I  

function. 2I  is defined as: 
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Where k  is the total number of clusters, iS is the set of objects assigned to the i :th 

cluster, in  is the number of objects in the i :th cluster, 
v

v  and u  represent two objects, 

and ),( uvsim  is the similarity between two objects. As described earlier, the cosine 
formula is used as similarity function as standard, and the vectors are normalized. This 
means we can rewrite the formula as follows: 
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 where iD  is the composite vector of iS : 
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5.5 Clustering 
If one of the partitioning cluster methods is selected, the documents will be clustered by 
a number of bisections. First, all documents are assigned to one big cluster, and then 
bisections are applied until the desired number of clusters are reached. Each bisection is 
done so that the resulting two clusters optimize the selected cluster criterion function, 
which together with the similarity function defines how good/bad a cluster is. This 
means that for k  clusters, 1−k  bisections are to be done. For pseudo-code of the 
algorithm used by rb (the default method) see Algorithm 5-2. 

1. Put all documents to be clustered in one cluster 
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2. Select a cluster with the method specified with cstype. As standard, we use the 
“best” method: 

a. Bisect each cluster according to the cluster criterion function, by default 

2I . 

b. Select the cluster which best optimizes the overall clustering criterion 
function. 

3. Bisect the selected cluster in step 2 according to the clustering criterion 
function, by default 2I . 

4. If we need more clusters goto 2, otherwise we are done. 

Algorithm 5-2: The default partitioning clustering algorithm used by Cluto. 

If on the other hand an agglomerative cluster method is used, the solution will be built 
the other way, from the bottom (leaves in the tree) to the top (root). First, every 
document is assigned to its own cluster, and then pairs of clusters are repeatedly merged 
until the desired number of clusters is reached. There is also an option in Cluto to use a 
combination of a partitioning algorithm and an agglomerative one.  
 
The last method is the graph partitioning method. In this the objects are modeled as a 
graph, and then the graph is clustered using a min-cut graph-partitioning algorithm. 
Since SCAtter uses a partitioning algorithm, the three other groups of algorithms will 
not be further discussed here, but they are all covered in the Cluto documentation (G 
Karypis, 2003), (Y Zhao, 2003) and (Y Zhao, 2001). 

5.6 Optimization 
The naïve approach: test all combinations of documents to find the clustering which 
maximizes the criterion function, is way too slow if we have many documents, another 
method has to be used. Cluto solves this by using a greedy algorithm. It does the 
optimization in two phases, first by constructing an initial clustering and secondly by 
refining the clusters. Assuming k  is the number of desired clusters, the first phase starts 
with randomly selecting k  documents and using these as seeds of the clusters. Then the 
similarity of each of the documents to each of these clusters is computed, and the 
documents are assigned to the cluster it is most similar with. When it is completed, we 
have an initial clustering solution. 
 
The second phase uses the initial solution as start, and iteratively refines it. The iteration 
starts with visiting each document once in random order, and computes the change in 
the criterion function if the document was moved to any of the other 1−k  clusters. If a 
move is good, i.e. improves the overall value of the criterion function, the document is 
moved to that cluster. If several moves are good, the document is moved to the cluster 
that leads to the highest improvement of the function. If no move leads to an 
improvement, the document stays in the cluster it already is in. When a full iteration has 
resulted in no moves, the clustering is complete. 
 
Since the algorithm used is greedy, does not guarantee that a global minimum is found, 
and that the clustering obtained depends on the initial clustering, an extra iteration phase 
of the whole clustering is done by Cluto. In this phase, N  clusterings are computed 
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using the above algorithm, and the solution which best optimizes the criterion function 
is used. By default, 10=N . 

5.7 After Clustering 

Tree Construction 

When the clustering is completed, a hierarchical tree is constructed. The tree will have a 
leaf for each cluster found in the clustering step. This algorithm starts with creating one 
small subtree consisting of only one element for each cluster. These subtrees are then 
repeatedly merged until only one tree containing all the subtrees is left. The merging is 
done so that the selected (2I  as default) criterion function is optimized: calculate score 

with 2I  for all possible ways of merging, and merge the one which bests optimize the 
solution. Then repeat until only one tree exists. 

Tree Statistics 

Each node in the tree is labeled. The label on a node is a set of keywords, which 
describe the cluster the node represents. The words selected are those that contribute the 
most to the average similarity between the objects of the specific cluster. They are given 
in an ordered list, which means it is, for example, possible to only select the two most 
significant words. Similarity between documents is computed with the similarity 
function. By default, the same similarity function as in the clustering step is used, 
namely the cosine function.  
 
In addition to labels, Cluto also provide measurement of the quality of the cluster, Isim 
and Esim. Isim measures the average similarity between the objects in the cluster, and 
Esim the average similarity between each of the objects in the cluster and the objects not 
in the cluster. 
 
There is also a number of other statistics available, but these are not used by SCAtter, 
and are therefore not covered here. For a full list, see the Cluto documentation (G 
Karypis, 2003), (Y Zhao, 2003) and (Y Zhao, 2001). 
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6 Implementation 
In this chapter the implementation of the program, named ‘SCAtter’, is discussed. An 
overview of the structure of the program is presented, and the different parts are 
superficially explained. Last in the chapter is an in-depth analysis of algorithmic classes 
that needs more explaining. 
 
Figure 6-1 shows the principal structure of the system implementation and the 
information flow in the system. The upper part consisting of Query/Visualization/Result 
is the user interface. The middle blocks correspond to the inside of the system, and the 
lower part represents the file system. 

Query ResultVisualization

Data
PreProcessor

Cluto

Vectorized file Cluto result file

Dendro
Visualizer

Result

Radial

   

 

Figure 6-1: System Overview 

 

6.1 User Interface 
The user interface is logically and visibly divided in three parts, but is actually 
implemented in just one class due to technical constraints in the development 
environment. 

6.2 Query 
The input block handles the mission of letting the user define a set of abstracts to use. 
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This can be done either by browsing for a file locally, or by entering a query and 
searching a database on the internet. The latter uses the WebDataCollector. The abstract 
collection is processed by DocumentPreProcessor, and Cluto is called upon to process 
the matrix files. 

 

  

Figure 6-2: A screenshot of the Query interface of SCAtter. 

6.2.1 Functionality 
The functionality provided by the Query tab is: 

• Browse – Button for browse trough local file system and selecting a data file. 

• Data format selection – Drop-down list for selecting the data format to expect 
from a data file. 

• Database selection – Drop-down list for selecting which database to search for 
query. 

• Fetch – Button for downloading the documents found in a search 

• Limits – Providing the possibility to limit the search to a specific language, a 
specific time, or simply limiting the number of documents to download 

• Search – Button for searching an internet database for the search terms entered 
in the query field. 

6.3 Visualization 
The visualization block handles the graphical representation of the clustering done by 
the clustering algorithm, and provides the user with means to further inspect the 
clusters. The DendroVisualizer class or RadialCluster class are used to visually present 
a clustering of the abstract collection. 
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Figure 6-3: A screenshot showing the visualization part of SCAtter. 

6.3.1 Functionality 

• Algorithm – Radiobuttons for selecting which algorithm to use for clustering. 
Currently implementation offers Cluto or Radial.  

• Save image – Button for saving an image of the visualization 

6.3.2 Functionality for Cluto 
The following functionality is available when selecting Cluto as clustering algorithm. 

• Click – Clicking a cluster or a point selects the corresponding cluster  

• Mouse – Holding mouse pointer over a cluster to show information about the 
cluster in the Cluster Information box.  

• Number of Clusters – Trackbar for selecting how many clusters to use in 
visualization. 

• Recluster Selected – Button for doing a new clustering with the documents of 
the selected clusters only; a zoom function of sorts. 

• Reset Clustering – Button to restore the original clustering after using recluster. 

• View Abstracts – Button to show abstracts of the selected clusters in the result 
tab. 

• Visualization – Radiobuttons for selecting which visualization type to use. 
Current implementation offers Tree View and Clusters. 

6.3.3 Functionality for Radial 

• Click – Clicking a point selects the corresponding abstract 

• Mouse - Holding mouse pointer over a point in the radial visualization shows 
first part of the corresponding abstract in the Cluster Information box. 
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• Number of keywords – Trackbar for selecting how many keywords to use in the 
radial visualization 

6.4 Result 
The result block is responsible for displaying the documents of the selected clusters to 
the user, and providing means of exporting relevant information. 

 

Figure 6-4: A screenshot of the results view of SCAtter. 

6.4.1 Functionality 

• Abstract – Shows the current marked abstract. 

• Abstract list – Shows a list of the abstracts in the selected clusters, and 
checkboxes for selecting abstracts of interest for later exporting.  

• Abstract Information – Shows the title, author, and other available information 
on the current marked abstract. 

• Clear all – Button for clearing all checkboxes in the abstract list. 

• Cluster information – Shows information about the selected clusters 

• Export selected – Button for exporting relevant information about the selected 
abstracts to the clipboard. 

• Select all – Button for checking all checkboxes in the abstract list. 

6.5 Internal Classes 

6.5.1 WebDataCollector 
The WebDataCollector class provides functions for searching and collecting data from 
databases on the internet; 

• Retrieve results from database 

• Search the database 
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6.5.2 DataPreProcessor 
The DataPreProcessor class provides the functionality used to prepare the document 
collection; 

• Creating word vectors 

• Extract the abstracts 

• Remove stopwords 

6.5.3 Settings 
The Settings class provides a way of storing information on how the program should 
behave. 

6.6 DendroVisualizer 
The DendroVisualizer class provides functions for drawing and navigating in 
visualizations. 

• Drawing dendrogram: 

• Get keywords 

The root is placed in the center of the screen, and from it the nodes are placed further 
away but with shorter and shorter distances from each other in a plane filling way 
(Figure 6-5) The nodes also get an angle, which is increased less and less the further out 
in the tree it is. Pseudo code for drawing a node can be seen in Algorithm 6-1. 

1. Initial values when drawNode is called from the root: 

a. angle = 90 

b. drawSize = 70 

c. scale = 0.5 

d. min = Size of smallest cluster 

e. max = Size of largest cluster 

 

2. Function drawNode (x, y, angle a, radius r, scale s, direction d) 

a. a’ = a  + 90 * s * d 

b. Draw an arc starting at a and ending at a’ with radius r with center in 
(x,y) 

c. x’ = cos(a’) * r 

d. y’ = sin(a’) * r 

e. x’’ = x’ + cos(a’) * (r * 1.4 * s) 

f. y’’ = y’ + sin(a’) * (r * 1.4 * s) 

g. Draw a line from (x’,y’) to (x’’,y’’) 

h. If the node has children, set rr = 5, else rr = (size^2- min^2.0 / max^2.0) 
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* 10 + 5  

i. Draw a circle at (x’’,y’’) with radius rr. 

j. If node has left child, call leftChild.drawNode(x’’,y’’, a’, r, s, -1) 

k. If node has right child, call rightChild.drawNode(x’’,y’’, a’, r, s, 1) 

 

Algorithm 6-1: Algorithm for visualizing the binary tree as a dendro map. 

Step 2.b and 2.g will draw the lines connecting the parent to the node, and step 2.i will 
draw the actual node. The constant used in step 2.e and 2.f is set to 1.4 since empirical 
testing showed that this gave a good length of the arcs. The radius rr  is set to a value 
between 5 and 10 depending on its size according to the formula given in 2.h. 
 
Each node in the tree is colored in such a way that the node quality Q is reflected in the 
color of the node. Q is defined as Isim/Esim, where Isim is the internal similarity of the 
node, and Esim the external similarity. Both of these values are given for each cluster by 
Cluto, and when Isim is divided by Esim, we get a measure on how well defined the 
borders of a cluster are. The higher the value, the closer the documents are together and 
the less similar to the documents outside the cluster they are. 

 

Figure 6-5: Dendrogram visualization 

Cluster View 

Except for the tree view, it is also possible to view only the outer clusters. This mode is 
a simplification of the Tree View mode; it simply hides everything except for the 
leaves. (Figure 6-6) 
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Figure 6-6: Cluster visualization 

6.7 Radial Visualization 
Radial Visualization is a method completely separated from the previous discussed 
method with Cluto and the Dendro Map visualization it uses. It is based on the Radial 
Interactive Visualization presented in (M Carey, 2003), but with some modifications in 
the keyword selection method, and in the user interface. The keyword selection method 
had to be adjusted to suit our input data, and the interface was changed to better fit into 
the whole system and its special needs. The basic idea behind Radial Visualization is to 
place the most important keywords on a circle, and the documents to be clustered inside. 
The documents are then moved towards keywords that are present in that document.  

6.7.1 Keyword Selection 
One of the most important steps in the Radial Visualization is how the keywords are 
selected. Words occurring often, but only in a subset of the documents are probably 
reasonable good. The weighting is where our implementation differ the most from the 
one used in Info Navigator (M Carey, 2003). We had to modify the formula, since the 
one used in Info Navigator uses a measure on how common a word is in the whole 
document collection D, which in the case for PubMed would mean in the entire (or a 
large subset of) the Medline database. This is of course not practical in the 
implementation used, so we had to adjust the formula to the specific needs in this case. 
The formula currently used: 
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 number of documents containing word j , and N  is the number of 

documents. The first term gives higher score for words occurring often, while the 
second term give higher results for words that don’t occur in many different documents. 
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Before the weighting is done, stemming and stopword removal is performed. It is done 
in the same way as when clustering with Cluto. This helps the algorithm to remove 
words with low predicting power, and also words very common in English, such as the. 

6.7.2 Clustering 
The actual clustering is done in a simple but yet elegant way. First the most important 
keywords are placed on a circle and the documents in the center. Then each document is 
moved closer to those keywords on the circle that occurs in the document (Algorithm 
6-2). 

1. Select the n most important keywords ki according to section 1.1. 

2. Origo is considered to be in the center of the screen. 

3. Draw a circle with radius r. 

4. Place each keyword with equal distance between them on the circle (with radius 
r from the center). Symbolize them with a small circle. 

5. For each document d, do: 

a. Create a document vector dv. 

b. For each keyword k, do: 

i. If k is present in d do: 

1. Add the vector describing the placement of k to dv 

c. Scale the vector dv according to dv = arctan(dv). 

d. Place document d according to its vector dv, represent it as a small 
circle. 

Algorithm 6-2: Algorithm to cluster and draw documents in the Radial Visualization. 

6.7.3 Time Complexity 
The time complexity for Radial Visualization can be split into two parts, keyword 
calculation and document clustering. The time complexity for calculation of keywords 
is the following: 

)( dt NwwO  

where N  is the number of documents, tw  the total number of different words in the 

document collection and dw  the number of words in a single document. 

The time complexity for clustering the documents is  

)( dNmwO  

where N  is the number of documents, m  the number of keywords and dw  the number 

of words in one document. 
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7 Results 
In this chapter we will present the results obtained during the various tests performed. 
First a section about the practical results and the user impressions, and then a section 
about the more theoretical testing performed, with a standardized set of data and 
evaluation metrics. 

7.1 User interviews 
User interviews showed that users considered the software to be intuitive to use, and 
that they believed that it could be a useful tool. 

7.2 20 Newsgroups 
Apart from the quite subjective testing done in (7.1), we also did a more controlled test 
with a set of 20 newsgroups (Mitchell 2005). We used this data collection because of 
mainly 3 reasons. First, it was available online without any restrictions. This was a great 
advantage compared to many other corpora. Second, it featured 20 newsgroups already 
compiled in a nice way; the only preprocessing that had to be done was to put the 
contents into an xml file. Third, the corpus was one of two used to evaluate the SKWIC 
algorithm in (Berry, 2004) and it therefore allowed us to compare our results with 
another algorithm. 
 
The 20 Newsgroup corpora is a collection of 20 newsgroups (Table 7-1). Some of the 
classes are close, such as comp.sys.ibm.pc.hardware and com.sys.mac.hardware, and 
some are not related at all, for example alt.atheism and rec.motorcycles. Since the 
corpus is just a collection of posts to newsgroups, the length of the messages varies a 
lot. Some are just a single sentence, while other are several pages long. 

Table 7-1: Description of the news groups contained in the 20 Newsgroups corpora 

Class Description Class Description 

1 alt.atheism 11 rec.sport.hockey 

2 comp.graphics 12 sci.crypt 

3 comp.os.ms-windows.misc 13 sci.electronics 

4 comp.sys.ibm.pc.hardware 14 sci.med 

5 comp.sys.mac.hardware 15 sci.space 

6 com.windows.x 16 soc.religion.christian 

7 misc.forsale 17 talk.politics.guns 

8 rec.autos 18 talk.politics.mideast 

9 rec.motorcycles 19 talk.politics.misc 

10 rec.sport.baseball 20 talk.religion.misc 
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7.2.1 Cluto 
When evaluating SKWIC, they used three different sets of the newsgroup data, two 
mini versions and one test with the complete set. In all three cases, they used 40 
clusters. Since SCAtter is intended to display less clusters and use about a 1000 
documents at once, we skipped the test of the full set, this would not give any 
reasonable performance, and would therefore never occur in the real use of the software. 
Instead tests with 10, 16, 20 and 40 clusters was performed, and also a test with 100 
documents from each one of only 10 classes. This extra testing should be closer to how 
the software will be used, and therefore give some relevant information of its 
performance.  
 
In the evaluation of SKWIC, they used the top 10 keywords for each cluster and an 
entropy measurement to evaluate the algorithm. When clustering data sets with a known 
classification with Cluto, entropy and purity are given together with the standard 
information discussed in section 5.5, such as cluster keywords. The most interesting part 
for us is the entropy and purity measurements, the softer analysis of keywords are 
already tested directly with PubMed data and the user testing.  
 
Entropy is a measure of how the classes of documents are distributed within each 
cluster. For one cluster, the entropy is defined as: 

∑
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where rS  is the cluster chosen, rn  is the size for the cluster, q  is the number of classes 

in the dataset and irn  is the number of documents of the i th class that are assigned to the 
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If the clustering is perfect, the total entropy will be zero, and not perfect clusterings will 
have higher and higher values, meaning that smaller entropy values are better in 
general. The Purity is a measure of to which extend each cluster contain documents 
from primary one class. For one cluster, it is calculated by: 
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This means that the purity for a single cluster is how big part of the cluster that belong 
to its biggest class of document. In total, the higher purity value, the better. Note that 
neither of these measurements takes into account the number of clusters. This means 
that if the number of clusters is equal or bigger than the number of documents being 
clustered, a reasonable good algorithm will give optimal values (0.0 for entropy, and 1.0 
for purity). 
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The Entropy from the different tests is given in Table 7-2, the purity in Table 7-3 and a 
comparison between the result from SKWIC and SCAtter with Cluto is given in Table 
7-4.  

Table 7-2: Entropy for different number of classes and clusters using SCAtter with Cluto 

 20 classes 16 classes 10 classes 

40 clusters 0.367 0.276 0.231 

20 clusters 0.423 0.331 0.299 

16 clusters 0.440 0.356 0.318 

10 clusters 0.504 0.451 0.424 

 

Table 7-3: Purity for different number of classes and clusters using SCAtter with Cluto 

 20 classes 16 classes 10 classes 

40 clusters 0.651 0.746 0.818 

20 clusters 0.610 0.714 0.789 

16 clusters 0.586 0.699 0.767 

10 clusters 0.464 0.552 0.676 

 

Table 7-4: Comparison of entropy between SKWIC, Fuzzy SKWIC and SCAtter with Cluto (lower is 
better). 

 SKWIC SCAtter with Cluto 

20 Classes 0.790 0.367 

16 Classes 0.750 0.276 

 Fuzzy SKWIC SCAtter with Cluto 

20 Classes 0.757 0.367 

16 Classes 0.740 0.276 

 

The full output from Cluto is available in Appendix B. 

7.2.2 Radial Visualization 
We also tested the radial visualization with the newsgroup corpus. The nature of Radial 
Visualization is completely different from the Dendro Map; it does not construct 
clusters, but place the individual documents in a circle. This meant the entropy and 
purity measures as defined above could not be used in their standard form. Instead we 
used a simple coloring method. Each class of documents was given a certain color, and 
then the algorithm was applied. This resulted can be seen in (Figure 7-1). As seen, no 
pattern are visible, the documents seems to be spread out randomly.  
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The result did not change when more keywords was used. Since this test performed as it 
did, no further time was spent on testing and evaluating it.  

 

 

Figure 7-1: The result from a clustering of the 20 newsgroup corpora with the Radial Visualization 
algorithm. 

7.3 Trend Analysis 
In order to test the ability of the clustering algorithm to help detect emerging 
technologies, we analyzed three sets of data collected from PubMed. Each data set 
consisted of all articles found by searching for the keyword lactobacillus, using the 
limits (human, English, articles with abstracts). The data sets covered the years 1990-
1995, 1995-2000 and 2000-2005. By studying the cluster tree for each period we were 
able to see changes in the focus of research and see the emergence of new possibilities. 
For example, Figure 7-2 covers the years 1990-1995; Figure 7-3 covers the years 2000-
2005. By examining the key words it is possible to detect a dramatic decrease in focus 
on the microbiology of the mouth and a corresponding increase in publications covering 
the microbiology of the genital tract. One can also see the emergence of an entirely new 
area of interest, pre-biotics, in the time period studied. 
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Figure 7-2: Visualization of search for lactobacillus, 1990-1995 

 

 

 

Figure 7-3: Visualization of search for lactobacillus, 2000-2005 
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8 Discussion 
In this chapter various aspects of the project are discussed; we will analyze the 
consequences of the choices made. We will also discuss what future work that could be 
done. 

8.1 Text Clustering 
As we have shown, text clustering is a part of text mining that can be used today. 
However, there is still much work to be done in this field. It does not yet exist a de-facto 
evaluation method to compare different algorithms and their implementations even if it 
does exist a number of corpora such as the 20 Newsgroup used in the evaluation of 
SCAtter. 
 
Another finding that shows that the field of text mining is relatively fresh is that most 
academic papers focus on the pure algorithmic part, research in how to present the 
actual result does not seem to attract the same amount of interest. This can also be seen 
in the overview of online clustering search engines presented in section 2.8.1. Most of 
these only present the result as a standard hierarchical tree, in a way similar to how the 
file system is often visualized. 

8.2 Trend Analysis 
In section 7.3 we found that SCAtter is a very useful tool to get an overview of an entire 
area of technology, and analysing trends in technology areas. It should however be 
noted that some familiarity with the technology area is needed in order to fully interpret 
the diagrams: one needs to be able to infer the area of research from the small amount of 
information contained in the keywords. 

8.3 Algorithms 
In total, using Cluto as the underlying algorithm for SCAtter proved to be a very good 
choice. As we have shown in the Results chapter, Cluto performed very well both 
compared to the SKWIC algorithm and the Radial Visualization algorithm, and also 
gave usable real world results. We can also see how important it is to evaluate already 
existing tools before implementing one from scratch if not the actual implementation is 
the important part.  
 
The results from the comparison of SKWIC and SCAtter with Cluto surprised us a bit; 
we did not believe Cluto would perform that well against a quite recent specialized 
algorithm. However, it is important to not overestimate the result. We have not tested 
SKWIC ourselves on the particular types of text SCAtter is intended to cluster, abstracts 
from PubMed. Also, since we did not have an implementation of SKWIC to do our own 
testing with, the only comparison that could be done was the one covered in section 7.2. 
This evaluation method is of course not perfect, it would have been very interesting to 
compare it against the other metrics we have used on the 20 Newsgroup corpora, such 
as purity and how well the clustering corresponds to how the documents was classified 
from the start.  
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Radial Visualization did not perform as well as we had expected. Even if we on 
beforehand did not think it would be on par with Cluto, we thought that it would 
produce some clustering. However, in the current state no reasonable clustering at all 
can be seen in the result.  
 
The most important factor for how Radial Visualization performs is how the keywords 
are selected. It currently uses a selection algorithm which is based on the one used in 
InfoNavigator (M Carey, 2003), but this is probably not optimal since the conditions are 
totally different. In the future, an interesting project would be to test and evaluate more 
techniques for keyword selection.  

8.4 Future Work 
There are several possibilities for improvements and extensions of the work presented in 
this thesis. These possibilities will be presented here. 

8.4.1 Improvements & Extensions of SCAtter 
The SCAtter application can be modified in several ways to improve its usefulness. 
Some of the more interesting ways will be covered in this section.  

Preprocessing 

One issue with the current implementation is its performance. The Cluto-based 
clustering and visualization can handle about a 1000 abstracts from PubMed smoothly, 
and this might limit the user in some situations. More precise, the part that converts the 
input data from xml to a word-document matrix format is probably one section that can 
be improved.  
 
Another subject not directly related to the performance is the stemming and removal of 
stop words. The current implementation uses a stemming technique that does not take 
into account the context the word being stemmed is in. Also, the stop word list is 
currently a small list used in the search engine in WikiMedia (WikiMedia, 2005), which 
might not be optimal. A possible extension would be to use the WordNet (WordNet 
2005) database as basis for both stemming and stop word removal instead as in (E 
Weippl, 2001). 

Clustering 

The clustering algorithms used by SCAtter are of course only a subset of those 
available. We tried to select a subset that was relative easy to implement (Radial 
Visualization) or had an existing tool (Cluto). However, there are a number of 
interesting algorithms, variations of those already implemented or completely different 
ones. Implementation of a couple of these would give a better insight in how different 
algorithms performs in the particular context SCAtter is used. 
 
SCAtter in its current state only allow a small number of fine-tuning of Cluto and 
Radial Visualization. However, when a user has been acquainted with SCAtter, he or 
she might want more options on how the actual clustering is done.  
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There is also an important non-technical issue related to the clustering part. Cluto is not 
free to use for everyone, but have an academic license, which allows using it for 
academic purposes only. This means that if SCA R&D decides to use SCAtter, they will 
have to either contact the author of Cluto and get another license type if possible, or 
simply replace the Cluto clustering with a custom part. This should not be that hard 
since SCAtter is specialized against text clustering, and does not use all the features of 
Cluto. This means only a subset of Cluto would need to be reimplemented, and that 
should not be a problem when the documentation of Cluto clearly describes most of the 
formulas etc. it uses. 
 
Finally, if a reimplementation of Cluto was done, a closer look at how Cluto does the 
clustering would be good. More exact, it is not described in the Cluto documentation 
why it selects its initial clustering in the optimization part randomly. However, for the 
purpose of this report, we felt the current result was satisfying enough.   

General  

Related to the section about stemming is how the keywords are displayed to the user. In 
the current version, the stemmed words are shown in their stemmed form when for 
example the user hovers over a node in the Tree View mode. This can bring some 
confusion since the stemmed words not always are real words. This could be improved 
by a mapping from stemmed words to their unstemmed counterparts. Then the system 
could display the most common unstemmed word resulting in the stemmed keyword.  
 
Other improvements include the search phase. Currently, the user can search in PubMed 
from inside SCAtter with a limited set of functionality, or use PubMed directly and 
manually load the search result into SCAtter. Both methods has limits, direct searches 
from SCAtter only provides a limited set of functionality compared to the web interface 
of PubMed, and the we interface involves steps to manually save the search and then 
load it into SCAtter. 
 
Connected to the topic just discussed are which data sources that are supported. 
Currently, the only supported data sources are PubMed xml and a custom xml format 
constructed from the 20 Newsgroup corpora. Moreover, the 20 newsgroup corpora is 
only accessible in offline mode, PubMed is the only data source that can be searched 
directly from SCAtter. In order to support more sources, one needs to change the code 
for preprocessing data. This is of course not practical for a person without programming 
knowledge. 
 
Finally, if a very large amount of searching in PubMed needed it will put some load on 
the connection to PubMed, especially if SCAtter is used by many people 
simultaneously. Two solutions to this problem are: 

• Use a mirror of the PubMed database. This might not be doable because of 
restrictions. 

• Limit the number of searches per minute that SCAtter can perform. 
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9  Conclusions 
 

• A text mining tool such as SCAtter can be very useful to a research and 
development department.  

• Text clustering has reached a mature stage, and is ready to be deployed outside 
of academic research. 

• The algorithms described and used by SCAtter can be considered to be state-of-
the-art, and performs very well. 

• The uncomplicated modes of visualization used are effective means of providing 
the user with relevant information.  
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Appendix A 

SCAtter User Manual 

1 Introduction 
SCAtter is a software tool developed at SCA as part of a master’s thesis by Victor 
Blomqvist and Jerry Thorsén. Its purpose is to divide unordered collections of 
documents intro groups, by using text mining techniques. This version is tailored to be 
used with PubMed data. 

 

2 Using SCAtter 
SCAtter has a user interface divided in three sections, Query, Visualization and Result. 

2.1 Query 
In the first tab you can either select a downloaded xml-file, or search and download data 
from PubMed. 

2.1.1 Search and download from PubMed directly from 
SCAtter 

1 Select PubMed in the Database drop down box. 

2 Write the query in Query text box. 

3 Change any limits if needed: 

3.1 Untick Has Abstracts to include articles without abstracts 

3.2 Change language of the search by selecting the desired language in the 
Language drop down box. 

3.3 Write a date in the form yyyy-mm-dd in the From and To text boxes to limit the 
date. 

3.4 Change the number of maximum returned documents by changing the text in the 
Maximum  Number of Results text box. 

4 Click Search. 

5 Click Fetch to download the found abstracts, or change query or limits if the 
search result is not satisfactory.  

 

2.1.2 Save a PubMed Search 
1 Do your PubMed search as usual in your web browser.  



Text Mining in a Corporate Research Environment - Appendix A 
 

 

 
 

 
 

2 
 

2 Select XML  in the Display drop down box. 

3 Select File in the Send To drop down box. 

4 You will now be prompted with a save dialog. Save the file somewhere on the 
computer.  

Note: There is usually a good idea to limit the search to articles with abstracts, since the 
abstracts are an important part for the clustering engine, and articles has to have 
abstracts to give a good clustering solution. 

2.1.3 Open a data file 
1 Select data format in the Dataformat drop down box. 

2 Click Browse and select the file. 

 

2.2 Visualization 
In the visualization tab you will see a visualization of the clustered documents. Each 
circle, or node, represents a group, or cluster, of documents. The clusters a 
hierarchically ordered, so the middle node contains all the documents, and these are 
divided further and further into smaller groups. 

In the visualization tab you can do: 

• Hoover with the mouse pointer over a cluster to see information about it. 

• Click a on a cluster to select it. 

• Click Recluster Selected to redo the clustering with only the selected cluster, a 
sort of zoom. 

• Click Reset Clustering to restart the clustering with all the original documents. 

• Click View Abstracts to continue to Results 

• Click Save Image to save an image of the clustering. 

• Drag the Number of Clusters slider to change how many clusters you want to 
divide the documents into. 

• Click on the radiobuttons for Tree view or Clusters to change view. 

• If Radial is activated in Settings, you can click Radial or Cluto radiobuttons to 
change visualization mode. 

2.3 Results 
In the Results tab you can view the documents of one or more groups. You can: 

• Click an article in the article list to show the corresponding abstract and 
information on the abstract. 

• Click in the checkbox next to an article in the article list to mark it for export. 



Text Mining in a Corporate Research Environment - Appendix A 
 

 

 
 

 
 

3 
 

• Click Select All to select all abstracts in the list. 

• Click Export to export information about the selected abstracts to the clipboard, 
to be pasted into a document of your choice.  

3 Settings 
To view or edit the settings, open the Settings window. On the Tools menu, click 
Settings. 

3.1 Use a proxy server 
1 Tick the Use Proxy Server box. 

2 Enter the correct URL in the first text box. proxy-auth.got.sgn.sca.se:8080 is 
used as default. 

3 Enter user name in the User Name text box. 

4 Enter user password in the Password text box. 

5 Click Use Settings. 

 

3.2 Change Cluto settings 
There exist a number of settings for cluto that can be changed from the settings menu: 
Clustering Method, Similarity Function, Criterion Function, Cluster Selection and Row 
Scaling. For an explanation of the settings, see the Cluto manual. To change a setting, 
select the desired value from the drop down box, and click Use Settings. 

4 View and Edit Stopwords 
To view or edit the stopwords, open the Edit Stopwords window; on the Tools menu, 
click Edit  Stopwords.  

4.1.1 Add a stopword 
1 Write the stopword to be added in the text box left of the Add Stopword button. 

2 Click Add Stopword. 

3 The new stopword should now appear last in the stopword list. 

4 If you want to add more words, repeat step 1 and 2. 

5 To save the new stopword list, click Save, or to cancel all changes, click Cancel. 

4.1.2 Remove a stopword 
1 Stopwords can be removed in 2 ways: 
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2 The selection method 

2.1 Select the stopword to be removed in the list of stopwords by clicking on it 

2.2 The word should now appear in the text box directly to the left of the Remove 
Stopword button. Click Remove Stopword to remove it. 

2.3 If you want to remove more words, repeat 2.1 and 2.2. 

2.4 To save the new stopword list, click Save, or to cancel all changes, click Cancel. 

3 The writing method 

3.1 Write the word you want to remove in the text box directly to the left of the Remove 
Stopword button. 

3.2 Click Remove Stopword. 

3.3 If you want to remove more words, repeat 3.1 and 3.2 

3.4 To save the new stopword list, click Save, or to cancel all changes, click Cancel. 
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Appendix B 

Listing of vcluster-results 
Vcluster-result_100_10_16.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1000, #Columns: 16761, #NonZeros: 159862 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 16 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------ 

16-way clustering: [I2=3.17e+002] [998 of 1000], Entropy: 0.318, Purity: 0.767 

------------------------------------------------------------------------------------------------------ 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe auto moto cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------ 

  0    35 +0.256 +0.189 +0.025 +0.014 0.662 0.429 |   15    0    0    2    0    4    2    0    8    4  

  1    42 +0.219 +0.127 +0.024 +0.016 0.131 0.929 |    0    0    0    0    2    1   39    0    0    0  

  2    57 +0.206 +0.160 +0.024 +0.021 0.038 0.982 |    0    0    0   56    1    0    0    0    0    0  

  3    46 +0.171 +0.076 +0.020 +0.014 0.350 0.739 |    7    0    0    0    0    4    0    1    0   34  

  4    55 +0.134 +0.067 +0.017 +0.008 0.092 0.945 |    0    0    0    0    0    0    0    0    3   52  

  5    65 +0.130 +0.075 +0.020 +0.009 0.251 0.862 |    1    0    0    2    0    2    0    0   56    4  

  6    32 +0.123 +0.059 +0.013 +0.005 0.463 0.719 |    1    1    0    1    3    2   23    0    1    0  

  7    73 +0.096 +0.039 +0.011 +0.004 0.031 0.986 |    1    0    0    0    0   72    0    0    0    0  

  8   103 +0.097 +0.033 +0.015 +0.008 0.095 0.951 |    4    0    0    0    0    1    0   98    0    0  

  9    50 +0.096 +0.070 +0.016 +0.010 0.453 0.720 |    1    1    0   36    4    4    3    0    1    0  

 10    59 +0.086 +0.043 +0.017 +0.009 0.380 0.797 |   47    0    0    1    3    1    1    1    2    3  

 11    65 +0.064 +0.026 +0.013 +0.005 0.766 0.292 |   18    3    7    0   19    3    4    0   10    1  

 12    83 +0.061 +0.028 +0.013 +0.006 0.190 0.904 |    0   75    3    0    0    1    1    0    3    0  

 13    64 +0.061 +0.026 +0.015 +0.007 0.643 0.359 |    4    1    0    1   21    1   23    0   12    1  

 14    94 +0.054 +0.023 +0.012 +0.007 0.319 0.819 |    0    8   77    1    4    2    1    0    0    1  

 15    75 +0.056 +0.022 +0.014 +0.005 0.542 0.573 |    1   11   13    0   43    0    3    0    4    0  

------------------------------------------------------------------------------------------------------ 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.125 sec 
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   Clustering:                            0.750 sec 

   Reporting:                             0.219 sec 

*************************************************** *****************************  

Vcluster-result_100_10_10.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1000, #Columns: 16761, #NonZeros: 159862 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------ 

10-way clustering: [I2=2.72e+002] [998 of 1000], Entropy: 0.424, Purity: 0.676 

------------------------------------------------------------------------------------------------------ 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe auto moto cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------ 

  0    35 +0.256 +0.189 +0.025 +0.014 0.662 0.429 |   15    0    0    2    0    4    2    0    8    4  

  1    46 +0.171 +0.076 +0.020 +0.014 0.350 0.739 |    7    0    0    0    0    4    0    1    0   34  

  2    55 +0.134 +0.067 +0.017 +0.008 0.092 0.945 |    0    0    0    0    0    0    0    0    3   52  

  3    65 +0.130 +0.075 +0.020 +0.009 0.251 0.862 |    1    0    0    2    0    2    0    0   56    4  

  4    73 +0.096 +0.039 +0.011 +0.004 0.031 0.986 |    1    0    0    0    0   72    0    0    0    0  

  5   107 +0.105 +0.089 +0.019 +0.016 0.272 0.860 |    1    1    0   92    5    4    3    0    1    0  

  6   162 +0.063 +0.028 +0.015 +0.008 0.427 0.611 |   51    0    0    1    3    2    1   99    2    3  

  7   138 +0.057 +0.038 +0.016 +0.011 0.528 0.616 |    5    2    0    2   26    4   85    0   13    1  

  8   158 +0.038 +0.015 +0.013 +0.006 0.527 0.544 |    1   86   16    0   43    1    4    0    7    0  

  9   159 +0.035 +0.014 +0.013 +0.006 0.663 0.528 |   18   11   84    1   23    5    5    0   10    2  

------------------------------------------------------------------------------------------------------ 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.125 sec 

   Clustering:                            0.640 sec 

   Reporting:                             0.188 sec 

*************************************************** *****************************  

Vcluster-result_100_10_20.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 
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Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1000, #Columns: 16761, #NonZeros: 159862 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 20 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------ 

20-way clustering: [I2=3.41e+002] [998 of 1000], Entropy: 0.299, Purity: 0.789 

------------------------------------------------------------------------------------------------------ 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe auto moto cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------ 

  0    16 +0.740 +0.474 +0.029 +0.017 0.609 0.438 |    0    0    0    1    0    2    2    0    7    4  

  1    20 +0.553 +0.162 +0.024 +0.012 0.000 1.000 |    0    0    0    0    0    0    0    0   20    0  

  2    19 +0.278 +0.143 +0.021 +0.011 0.319 0.789 |   15    0    0    1    0    2    0    0    1    0  

  3    40 +0.208 +0.040 +0.010 +0.004 0.000 1.000 |    0    0    0    0    0   40    0    0    0    0  

  4    42 +0.219 +0.127 +0.024 +0.016 0.131 0.929 |    0    0    0    0    2    1   39    0    0    0  

  5    57 +0.206 +0.160 +0.024 +0.021 0.038 0.982 |    0    0    0   56    1    0    0    0    0    0  

  6    46 +0.171 +0.076 +0.020 +0.014 0.350 0.739 |    7    0    0    0    0    4    0    1    0   34  

  7    30 +0.142 +0.060 +0.014 +0.003 0.515 0.567 |   17    1    3    0    2    0    0    0    7    0  

  8    55 +0.134 +0.067 +0.017 +0.008 0.092 0.945 |    0    0    0    0    0    0    0    0    3   52  

  9    32 +0.123 +0.059 +0.013 +0.005 0.463 0.719 |    1    1    0    1    3    2   23    0    1    0  

 10    33 +0.100 +0.033 +0.013 +0.005 0.059 0.970 |    1    0    0    0    0   32    0    0    0    0  

 11    45 +0.106 +0.045 +0.020 +0.008 0.328 0.800 |    1    0    0    2    0    2    0    0   36    4  

 12    35 +0.095 +0.040 +0.012 +0.006 0.710 0.486 |    1    2    4    0   17    3    4    0    3    1  

 13   103 +0.097 +0.033 +0.015 +0.008 0.095 0.951 |    4    0    0    0    0    1    0   98    0    0  

 14    50 +0.096 +0.070 +0.016 +0.010 0.453 0.720 |    1    1    0   36    4    4    3    0    1    0  

 15    59 +0.086 +0.043 +0.017 +0.009 0.380 0.797 |   47    0    0    1    3    1    1    1    2    3  

 16    83 +0.061 +0.028 +0.013 +0.006 0.190 0.904 |    0   75    3    0    0    1    1    0    3    0  

 17    64 +0.061 +0.026 +0.015 +0.007 0.643 0.359 |    4    1    0    1   21    1   23    0   12    1  

 18    94 +0.054 +0.023 +0.012 +0.007 0.319 0.819 |    0    8   77    1    4    2    1    0    0    1  

 19    75 +0.056 +0.022 +0.014 +0.005 0.542 0.573 |    1   11   13    0   43    0    3    0    4    0  

------------------------------------------------------------------------------------------------------ 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.125 sec 

   Clustering:                            0.828 sec 

   Reporting:                             0.234 sec 

*************************************************** *****************************  
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Vcluster-result_100_20_40.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 2000, #Columns: 25216, #NonZeros: 299480 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 40 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

----------------------------------------------------------------------------------------------------------------------------------------- 

40-way clustering: [I2=6.85e+002] [1992 of 2000], Entropy: 0.367, Purity: 0.651 

----------------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap misc hard    x fors auto moto base hock cryp elec  med spac chri guns 
mide  

----------------------------------------------------------------------------------------------------------------------------------------- 

  0    11 +1.152 +1.408 +0.029 +0.026 0.563 0.364 |    0    1    1    0    4    0    1    0    0    0    0    1    0    3    0    0    0  

  1    20 +1.076 +0.581 +0.030 +0.015 0.579 0.300 |    1    0    6    0    0    0    0    0    0    0    0    0    2    2    0    5    4  

  2    21 +0.341 +0.174 +0.014 +0.005 0.210 0.810 |    0    0    0   17    0    3    0    0    0    0    0    1    0    0    0    0    0  

  3    32 +0.318 +0.177 +0.019 +0.009 0.284 0.781 |    0    0    2    0    0    0    0    1    0    0    1    0    0    3    0   25    0  

  4    33 +0.312 +0.187 +0.026 +0.015 0.048 0.970 |    0    0    0    0    0    0    0    0    0    0    1    0    0   32    0    0    0  

  5    37 +0.281 +0.103 +0.017 +0.013 0.099 0.919 |    0    0    3    0    0    0    0    0    0    0    0    0    0    0    0    0   34  

  6    47 +0.253 +0.207 +0.020 +0.012 0.134 0.915 |    0    2    0    1    0    0    0    0    0    0   43    1    0    0    0    0    0  

  7    34 +0.228 +0.149 +0.013 +0.006 0.151 0.882 |    0    0    0    0    0    1    0    0    3   30    0    0    0    0    0    0    0  

  8    42 +0.217 +0.054 +0.008 +0.003 0.107 0.929 |    0    0    2    0    0    0    1    0    0    0    0    0   39    0    0    0    0  

  9    44 +0.201 +0.085 +0.015 +0.007 0.088 0.932 |    0    0    3    0    0    0    0    0    0    0    0    0    0    0    0    0   41  

 10    24 +0.144 +0.089 +0.011 +0.003 0.742 0.292 |    0    2    7    1    1    2    0    1    1    0    0    1    2    5    0    1    0  

 11    40 +0.138 +0.064 +0.012 +0.005 0.384 0.675 |    1    1    7    1    0    0    0    0    1    0    0    2    0   27    0    0    0  

 12    50 +0.145 +0.128 +0.021 +0.022 0.361 0.720 |    0    6    0    1    3    1    0    0    1    0   36    0    2    0    0    0    0  

 13    37 +0.139 +0.054 +0.015 +0.007 0.246 0.838 |    1    0   31    0    0    0    0    1    0    0    0    1    0    2    0    1    0  

 14    52 +0.136 +0.068 +0.014 +0.006 0.321 0.692 |   36    2   11    0    0    0    0    1    0    0    0    0    0    0    0    0    2  

 15    54 +0.129 +0.053 +0.012 +0.004 0.169 0.815 |    0    0    0    0    0    0    0    0   10   44    0    0    0    0    0    0    0  

 16    61 +0.131 +0.069 +0.018 +0.009 0.394 0.525 |    9    0   18    0    0    1    1    0    0    0    0    0    0    0   32    0    0  

 17    34 +0.124 +0.057 +0.012 +0.006 0.403 0.471 |    2    0   16    0    0    0    0    0    0    0    0    0    0    0    0    4   12  

 18    50 +0.125 +0.049 +0.013 +0.005 0.320 0.700 |    0    1   10   35    0    2    0    0    0    0    0    2    0    0    0    0    0  

 19    51 +0.121 +0.051 +0.017 +0.008 0.388 0.608 |   31    0   13    1    0    0    0    0    0    0    2    0    1    3    0    0    0  

 20    30 +0.112 +0.046 +0.013 +0.005 0.542 0.367 |   10    0   11    0    1    0    0    0    0    0    0    0    3    1    1    0    3  

 21    47 +0.095 +0.041 +0.012 +0.004 0.507 0.383 |    0   18   14    0   10    1    0    0    0    0    0    2    0    1    0    0    1  

 22    87 +0.093 +0.029 +0.013 +0.006 0.269 0.770 |    1    0   15    0    0    0    0    0    0    0    0    1    1    1   67    1    0  
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 23    40 +0.086 +0.034 +0.010 +0.004 0.485 0.475 |    0    0    1    0    0    7    0    3   19    9    0    0    0    1    0    0    0  

 24    41 +0.088 +0.039 +0.013 +0.008 0.521 0.585 |    0   24    3    0    3    1    0    0    0    0    1    1    3    4    0    0    1  

 25    61 +0.090 +0.038 +0.016 +0.006 0.129 0.902 |    0    0    5    0    0    0    0    0    0    0    1    0    0    0    0   55    0  

 26    71 +0.086 +0.046 +0.013 +0.008 0.201 0.845 |    0    0    1    0    0    0    0    0   60    8    1    0    0    0    0    1    0  

 27    41 +0.084 +0.030 +0.011 +0.003 0.725 0.293 |    0    1    4   12    1    8    3    3    1    0    1    2    5    0    0    0    0  

 28    47 +0.082 +0.045 +0.010 +0.004 0.574 0.340 |    0    6   16    1   10    1    0    0    0    1    1   11    0    0    0    0    0  

 29    86 +0.086 +0.071 +0.015 +0.009 0.337 0.721 |    0    1   14   62    1    5    1    1    0    0    1    0    0    0    0    0    0  

 30    46 +0.078 +0.027 +0.011 +0.004 0.292 0.761 |    4    0    1    0    0    0    0    0    0    0    0    5   35    0    0    0    1  

 31    62 +0.082 +0.050 +0.017 +0.011 0.485 0.597 |    3    0   37    0    1    1    0    0    0    0    9    0    1    3    0    6    1  

 32    71 +0.075 +0.035 +0.012 +0.006 0.123 0.930 |    0    0    0    0    0    2    0   66    1    0    0    1    0    1    0    0    0  

 33   100 +0.077 +0.081 +0.016 +0.017 0.482 0.530 |    0   12   20    9   53    0    0    0    0    0    2    2    2    0    0    0    0  

 34    52 +0.067 +0.024 +0.012 +0.004 0.411 0.654 |    0    0    5    7    0   34    1    1    0    1    0    3    0    0    0    0    0  

 35    88 +0.068 +0.033 +0.012 +0.005 0.303 0.773 |    0    0    0    2    1    4   68    5    0    0    0    8    0    0    0    0    0  

 36    63 +0.063 +0.031 +0.012 +0.004 0.491 0.571 |    0    3    3   36    1    9    0    0    2    0    0    8    0    0    0    1    0  

 37    64 +0.062 +0.023 +0.013 +0.005 0.587 0.438 |    0    2    0    1    1    2   15    5    0    1    0   28    2    7    0    0    0  

 38    52 +0.058 +0.021 +0.011 +0.004 0.760 0.231 |    1    2    2    4    2   12    4   11    0    5    0    6    0    3    0    0    0  

 39    69 +0.057 +0.029 +0.011 +0.007 0.680 0.261 |    0   14   18    8    6    2    5    1    0    1    0   13    0    1    0    0    0  

----------------------------------------------------------------------------------------------------------------------------------------- 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.234 sec 

   Clustering:                            2.469 sec 

   Reporting:                             0.562 sec 

*************************************************** *****************************  

Vcluster-result_100_20_10.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 2000, #Columns: 25216, #NonZeros: 299480 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

----------------------------------------------------------------------------------------------------------------------------------------- 

10-way clustering: [I2=4.47e+002] [1992 of 2000], Entropy: 0.504, Purity: 0.464 

----------------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap misc hard    x fors auto moto base hock cryp elec  med spac chri guns 
mide  
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----------------------------------------------------------------------------------------------------------------------------------------- 

  0    97 +0.136 +0.120 +0.019 +0.016 0.276 0.814 |    0    8    0    2    3    1    0    0    1    0   79    1    2    0    0    0    0  

  1   115 +0.091 +0.045 +0.014 +0.009 0.252 0.757 |    2    0   22    0    0    0    0    0    0    0    0    0    0    0    0    4   87  

  2    88 +0.082 +0.039 +0.010 +0.004 0.235 0.841 |    4    0    3    0    0    0    1    0    0    0    0    5   74    0    0    0    1  

  3   125 +0.079 +0.069 +0.017 +0.013 0.542 0.528 |    1   26   11    1    7    1    1    0    1    0    2    4    3   66    0    0    1  

  4   175 +0.074 +0.058 +0.017 +0.010 0.480 0.520 |    4    0   50    0    1    1    0    1    0    0   11    0    3    8    0   91    5  

  5   199 +0.052 +0.029 +0.011 +0.005 0.365 0.462 |    0    0    2    0    0    8    0    3   92   91    1    0    0    1    0    1    0  

  6   318 +0.044 +0.022 +0.013 +0.006 0.540 0.314 |   88    2   99    1    1    1    1    2    0    0    2    2    5    7  100    2    5  

  7   313 +0.035 +0.022 +0.012 +0.006 0.524 0.540 |    0    6   36  169    3   61    5    5    3    1    2   16    5    0    0    1    0  

  8   263 +0.035 +0.031 +0.012 +0.011 0.633 0.300 |    0   50   68   18   79    4    5    1    0    2    3   28    2    2    0    0    1  

  9   299 +0.026 +0.012 +0.012 +0.005 0.673 0.294 |    1    6    9    8    5   22   87   88    2    6    0   44    4   16    0    1    0  

----------------------------------------------------------------------------------------------------------------------------------------- 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.234 sec 

   Clustering:                            1.469 sec 

   Reporting:                             0.297 sec 

*************************************************** *****************************  

Vcluster-result_100_16_40.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1600, #Columns: 22698, #NonZeros: 248669 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 40 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------------------------------- 

40-way clustering: [I2=5.92e+002] [1593 of 1600], Entropy: 0.276, Purity: 0.746 

------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap hard    x auto moto base hock cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------------------------------- 

  0     7 +2.514 +2.223 +0.036 +0.029 0.151 0.857 |    0    0    0    6    0    0    0    0    0    0    0    1    0    0    0  

  1    30 +0.342 +0.176 +0.019 +0.010 0.090 0.933 |    0    0    0    0    0    2    0    0    0    0    0    0    0   28    0  

  2    28 +0.268 +0.175 +0.013 +0.005 0.151 0.893 |    0    0    0    0    0    1    2   25    0    0    0    0    0    0    0  

  3    34 +0.273 +0.176 +0.025 +0.016 0.260 0.794 |    0    1    0    2    0    0    0    0    0    4    0   27    0    0    0  

  4    32 +0.257 +0.252 +0.021 +0.014 0.643 0.250 |    5    0    0    0    0    0    0    0    3    0    7    4    0    8    5  

  5    47 +0.249 +0.196 +0.020 +0.012 0.114 0.936 |    0    0    1    1    0    0    0    0   44    1    0    0    0    0    0  
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  6    34 +0.223 +0.090 +0.015 +0.007 0.049 0.971 |   33    0    0    0    0    0    0    0    0    1    0    0    0    0    0  

  7    32 +0.223 +0.087 +0.018 +0.009 0.115 0.906 |    3    0    0    0    0    0    0    0    0    0    0    0   29    0    0  

  8    42 +0.210 +0.051 +0.009 +0.003 0.042 0.976 |    0    0    0    0    1    0    0    0    0    0   41    0    0    0    0  

  9    33 +0.215 +0.078 +0.015 +0.007 0.000 1.000 |    0    0    0    0    0    0    0   33    0    0    0    0    0    0    0  

 10    23 +0.206 +0.101 +0.011 +0.004 0.109 0.913 |    0    0    0    0    0    0    2   21    0    0    0    0    0    0    0  

 11    43 +0.197 +0.094 +0.017 +0.012 0.244 0.814 |    0    0    0    0    0    0    0    0    3    0    1    0    0    4   35  

 12    42 +0.203 +0.191 +0.024 +0.024 0.226 0.810 |    0    5    3   34    0    0    0    0    0    0    0    0    0    0    0  

 13    23 +0.190 +0.074 +0.012 +0.005 0.309 0.739 |    0    0    2    1    0   17    0    0    0    0    3    0    0    0    0  

 14    35 +0.165 +0.097 +0.013 +0.005 0.178 0.857 |    0    4   30    0    0    0    0    0    0    1    0    0    0    0    0  

 15    36 +0.166 +0.067 +0.017 +0.009 0.047 0.972 |   35    0    1    0    0    0    0    0    0    0    0    0    0    0    0  

 16    44 +0.167 +0.148 +0.022 +0.023 0.187 0.886 |    0    1    1    0    0    0    1    0   39    0    2    0    0    0    0  

 17    52 +0.158 +0.074 +0.015 +0.007 0.000 1.000 |    0    0    0    0    0    0    0    0    0    0    0    0    0    0   52  

 18    24 +0.149 +0.099 +0.012 +0.003 0.455 0.625 |    2    0    1    3    0    0    0    0    0    2    0   15    0    0    1  

 19    44 +0.149 +0.141 +0.016 +0.011 0.108 0.932 |    0    0   41    0    0    1    0    0    0    2    0    0    0    0    0  

 20    22 +0.144 +0.065 +0.012 +0.005 0.268 0.818 |    0   18    0    0    1    0    0    0    1    0    1    1    0    0    0  

 21    29 +0.146 +0.055 +0.014 +0.005 0.237 0.793 |    0    0    0    0    2    0    0    0    0   23    0    4    0    0    0  

 22    41 +0.134 +0.054 +0.014 +0.005 0.219 0.829 |    0    1   34    0    0    0    0    0    1    5    0    0    0    0    0  

 23    36 +0.126 +0.057 +0.013 +0.009 0.047 0.972 |    0    0    0    0    0   35    0    0    0    0    0    0    0    1    0  

 24    36 +0.125 +0.047 +0.012 +0.005 0.320 0.611 |    0   12    0   22    0    0    0    0    0    1    0    1    0    0    0  

 25    33 +0.126 +0.063 +0.013 +0.005 0.404 0.515 |    0    0    0    0   10    5    0    1    0   17    0    0    0    0    0  

 26    24 +0.123 +0.056 +0.013 +0.005 0.572 0.333 |    8    1    0    0    0    0    0    0    1    0    7    0    0    4    3  

 27    41 +0.113 +0.065 +0.013 +0.009 0.345 0.707 |    0    6   29    1    0    0    0    0    0    4    0    0    0    1    0  

 28    74 +0.113 +0.032 +0.015 +0.006 0.079 0.959 |    1    0    0    0    0    0    0    0    0    0    1    0   71    1    0  

 29    40 +0.105 +0.047 +0.013 +0.007 0.398 0.675 |    0    1    0    0    0    2   27    3    0    0    0    6    0    1    0  

 30    31 +0.092 +0.048 +0.011 +0.006 0.434 0.581 |    0   18    1    8    0    0    0    0    1    1    2    0    0    0    0  

 31    40 +0.091 +0.042 +0.011 +0.004 0.598 0.325 |    4    0    0    0    0    0    0    3    1    6   13   12    0    0    1  

 32    59 +0.089 +0.038 +0.017 +0.006 0.243 0.847 |    1    1    0    0    0    2    0    0    2    0    0    3    0   50    0  

 33    43 +0.071 +0.025 +0.011 +0.004 0.451 0.605 |    0    3   26    1    2    0    0    0    1    9    0    1    0    0    0  

 34    74 +0.072 +0.037 +0.013 +0.007 0.198 0.838 |    0    0    0    0    0    0   62   10    1    0    0    0    0    1    0  

 35    41 +0.069 +0.022 +0.012 +0.004 0.626 0.341 |    8    0    0    1    1    0    0    0    1    2   14   11    0    1    2  

 36    78 +0.069 +0.033 +0.013 +0.005 0.154 0.910 |    0    0    3    1   71    0    0    1    0    2    0    0    0    0    0  

 37    48 +0.062 +0.020 +0.010 +0.003 0.769 0.229 |    0   11   11    6    1    3    1    2    0    4    6    2    0    0    1  

 38    56 +0.059 +0.020 +0.012 +0.004 0.655 0.268 |    0   15   11   12    9    1    2    1    0    5    0    0    0    0    0  

 39    62 +0.054 +0.017 +0.012 +0.004 0.526 0.500 |    0    0    4    0    2   31    2    0    1   10    0   12    0    0    0  

------------------------------------------------------------------------------------------------------------------------------- 

 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.202 sec 

   Clustering:                            1.938 sec 

   Reporting:                             0.469 sec 

*************************************************** ***************************** 

Vcluster-result_100_16_20.txt 
*************************************************** ***************************** 
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vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1600, #Columns: 22698, #NonZeros: 248669 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 20 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------------------------------- 

20-way clustering: [I2=4.75e+002] [1593 of 1600], Entropy: 0.331, Purity: 0.714 

------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap hard    x auto moto base hock cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------------------------------- 

  0    32 +0.257 +0.252 +0.021 +0.014 0.643 0.250 |    5    0    0    0    0    0    0    0    3    0    7    4    0    8    5  

  1    29 +0.249 +0.352 +0.018 +0.018 0.426 0.621 |    0   18    0    6    1    0    0    0    1    0    1    2    0    0    0  

  2    42 +0.210 +0.051 +0.009 +0.003 0.042 0.976 |    0    0    0    0    1    0    0    0    0    0   41    0    0    0    0  

  3    43 +0.197 +0.094 +0.017 +0.012 0.244 0.814 |    0    0    0    0    0    0    0    0    3    0    1    0    0    4   35  

  4    52 +0.158 +0.074 +0.015 +0.007 0.000 1.000 |    0    0    0    0    0    0    0    0    0    0    0    0    0    0   52  

  5    91 +0.145 +0.123 +0.019 +0.016 0.166 0.912 |    0    1    2    1    0    0    1    0   83    1    2    0    0    0    0  

  6    58 +0.144 +0.107 +0.019 +0.014 0.371 0.724 |    2    1    1    5    0    0    0    0    0    6    0   42    0    0    1  

  7    58 +0.113 +0.061 +0.014 +0.006 0.387 0.707 |   41    1    0    0    0    0    0    0    1    1    7    0    0    4    3  

  8    84 +0.109 +0.053 +0.012 +0.005 0.094 0.940 |    0    0    0    0    0    1    4   79    0    0    0    0    0    0    0  

  9   106 +0.109 +0.038 +0.014 +0.007 0.098 0.943 |    4    0    0    0    0    0    0    0    0    0    1    0  100    1    0  

 10    89 +0.103 +0.063 +0.017 +0.007 0.205 0.876 |    1    1    0    0    0    4    0    0    2    0    0    3    0   78    0  

 11    40 +0.091 +0.042 +0.011 +0.004 0.598 0.325 |    4    0    0    0    0    0    0    3    1    6   13   12    0    0    1  

 12   109 +0.074 +0.069 +0.015 +0.016 0.381 0.587 |    0   35    4   64    0    0    0    0    1    2    2    1    0    0    0  

 13   117 +0.067 +0.034 +0.012 +0.006 0.272 0.795 |    0   11   93    1    0    0    0    0    1   10    0    0    0    1    0  

 14    87 +0.068 +0.060 +0.013 +0.009 0.322 0.770 |    0    3   67    1    2    1    0    0    1   11    0    1    0    0    0  

 15    77 +0.066 +0.035 +0.014 +0.007 0.511 0.558 |   43    0    1    1    1    0    0    0    1    2   14   11    0    1    2  

 16   114 +0.057 +0.030 +0.012 +0.007 0.303 0.781 |    0    1    0    0    0    2   89   13    1    0    0    6    0    2    0  

 17   121 +0.045 +0.020 +0.012 +0.006 0.439 0.686 |    0    0    6    1    2   83    2    0    1   10    3   12    0    1    0  

 18   140 +0.046 +0.020 +0.013 +0.005 0.395 0.593 |    0    0    3    1   83    5    0    2    0   42    0    4    0    0    0  

 19   104 +0.037 +0.012 +0.011 +0.004 0.750 0.250 |    0   26   22   18   10    4    3    3    0    9    6    2    0    0    1  

------------------------------------------------------------------------------------------------------------------------------- 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.203 sec 

   Clustering:                            1.484 sec 

   Reporting:                             0.328 sec 
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*************************************************** *****************************  

Vcluster-result_100_16_16.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1600, #Columns: 22698, #NonZeros: 248669 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 16 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------------------------------- 

16-way clustering: [I2=4.41e+002] [1593 of 1600], Entropy: 0.356, Purity: 0.699 

------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap hard    x auto moto base hock cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------------------------------- 

  0    32 +0.257 +0.252 +0.021 +0.014 0.643 0.250 |    5    0    0    0    0    0    0    0    3    0    7    4    0    8    5  

  1    43 +0.197 +0.094 +0.017 +0.012 0.244 0.814 |    0    0    0    0    0    0    0    0    3    0    1    0    0    4   35  

  2    52 +0.158 +0.074 +0.015 +0.007 0.000 1.000 |    0    0    0    0    0    0    0    0    0    0    0    0    0    0   52  

  3    91 +0.145 +0.123 +0.019 +0.016 0.166 0.912 |    0    1    2    1    0    0    1    0   83    1    2    0    0    0    0  

  4    58 +0.113 +0.061 +0.014 +0.006 0.387 0.707 |   41    1    0    0    0    0    0    0    1    1    7    0    0    4    3  

  5    84 +0.109 +0.053 +0.012 +0.005 0.094 0.940 |    0    0    0    0    0    1    4   79    0    0    0    0    0    0    0  

  6   106 +0.109 +0.038 +0.014 +0.007 0.098 0.943 |    4    0    0    0    0    0    0    0    0    0    1    0  100    1    0  

  7    87 +0.105 +0.100 +0.018 +0.015 0.541 0.506 |    2   19    1   11    1    0    0    0    1    6    1   44    0    0    1  

  8    89 +0.103 +0.063 +0.017 +0.007 0.205 0.876 |    1    1    0    0    0    4    0    0    2    0    0    3    0   78    0  

  9    82 +0.082 +0.039 +0.010 +0.004 0.435 0.659 |    4    0    0    0    1    0    0    3    1    6   54   12    0    0    1  

 10    77 +0.066 +0.035 +0.014 +0.007 0.511 0.558 |   43    0    1    1    1    0    0    0    1    2   14   11    0    1    2  

 11   114 +0.057 +0.030 +0.012 +0.007 0.303 0.781 |    0    1    0    0    0    2   89   13    1    0    0    6    0    2    0  

 12   204 +0.047 +0.031 +0.012 +0.007 0.304 0.784 |    0   14  160    2    2    1    0    0    2   21    0    1    0    1    0  

 13   121 +0.045 +0.020 +0.012 +0.006 0.439 0.686 |    0    0    6    1    2   83    2    0    1   10    3   12    0    1    0  

 14   140 +0.046 +0.020 +0.013 +0.005 0.395 0.593 |    0    0    3    1   83    5    0    2    0   42    0    4    0    0    0  

 15   213 +0.037 +0.033 +0.013 +0.012 0.630 0.385 |    0   61   26   82   10    4    3    3    1   11    8    3    0    0    1  

------------------------------------------------------------------------------------------------------------------------------- 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.219 sec 

   Clustering:                            1.343 sec 

   Reporting:                             0.297 sec 

*************************************************** *****************************  
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Vcluster-result_100_16_10.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1600, #Columns: 22698, #NonZeros: 248669 

 

Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------------------------------- 

10-way clustering: [I2=3.83e+002] [1593 of 1600], Entropy: 0.451, Purity: 0.552 

------------------------------------------------------------------------------------------------------------------------------- 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe grap hard    x auto moto base hock cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------------------------------- 

  0    91 +0.145 +0.123 +0.019 +0.016 0.166 0.912 |    0    1    2    1    0    0    1    0   83    1    2    0    0    0    0  

  1    87 +0.105 +0.100 +0.018 +0.015 0.541 0.506 |    2   19    1   11    1    0    0    0    1    6    1   44    0    0    1  

  2    82 +0.082 +0.039 +0.010 +0.004 0.435 0.659 |    4    0    0    0    1    0    0    3    1    6   54   12    0    0    1  

  3   121 +0.086 +0.059 +0.017 +0.009 0.420 0.711 |    6    1    0    0    0    4    0    0    5    0    7    7    0   86    5  

  4   153 +0.068 +0.034 +0.014 +0.008 0.419 0.588 |   41    1    0    0    0    0    0    0    4    1    8    0    0    8   90  

  5   183 +0.061 +0.031 +0.013 +0.006 0.486 0.546 |   47    0    1    1    1    0    0    0    1    2   15   11  100    2    2  

  6   198 +0.052 +0.028 +0.011 +0.006 0.362 0.470 |    0    1    0    0    0    3   93   92    1    0    0    6    0    2    0  

  7   204 +0.047 +0.031 +0.012 +0.007 0.304 0.784 |    0   14  160    2    2    1    0    0    2   21    0    1    0    1    0  

  8   213 +0.037 +0.033 +0.013 +0.012 0.630 0.385 |    0   61   26   82   10    4    3    3    1   11    8    3    0    0    1  

  9   261 +0.030 +0.012 +0.012 +0.005 0.571 0.337 |    0    0    9    2   85   88    2    2    1   52    3   16    0    1    0  

------------------------------------------------------------------------------------------------------------------------------- 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.203 sec 

   Clustering:                            1.172 sec 

   Reporting:                             0.265 sec 

*************************************************** *****************************  

vcluster-result_100_10_40.txt 
*************************************************** ***************************** 

vcluster (CLUTO 2.1.1) Copyright 2001-03, Regents of the University of Minnesota 

 

Matrix Information ----------------------------------------------------------- 

  Name: C:\temp\exjobb\SCAtter\bin\Debug\temp\abstracts.mat, #Rows: 1000, #Columns: 16761, #NonZeros: 159862 
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Options ---------------------------------------------------------------------- 

  CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 40 

  RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40 

  Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5 

  CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10 

 

Solution --------------------------------------------------------------------- 

 

------------------------------------------------------------------------------------------------------ 

40-way clustering: [I2=4.30e+002] [998 of 1000], Entropy: 0.231, Purity: 0.818 

------------------------------------------------------------------------------------------------------ 

cid  Size  ISim  ISdev   ESim  ESdev  Entpy Purty | athe auto moto cryp elec  med spac chri guns mide  

------------------------------------------------------------------------------------------------------ 

  0     9 +0.861 +0.616 +0.053 +0.039 0.000 1.000 |    0    0    0    9    0    0    0    0    0    0  

  1    17 +0.768 +0.454 +0.036 +0.017 0.000 1.000 |    0    0    0   17    0    0    0    0    0    0  

  2    16 +0.740 +0.474 +0.029 +0.017 0.609 0.438 |    0    0    0    1    0    2    2    0    7    4  

  3    20 +0.553 +0.162 +0.024 +0.012 0.000 1.000 |    0    0    0    0    0    0    0    0   20    0  

  4    14 +0.369 +0.099 +0.015 +0.003 0.112 0.929 |   13    1    0    0    0    0    0    0    0    0  

  5    26 +0.361 +0.195 +0.031 +0.018 0.071 0.962 |    0    0    0    0    0    1   25    0    0    0  

  6    13 +0.351 +0.163 +0.021 +0.008 0.186 0.846 |    2    0    0    0    0    0    0   11    0    0  

  7    21 +0.301 +0.094 +0.022 +0.012 0.000 1.000 |    0    0    0    0    0    0    0   21    0    0  

  8    16 +0.277 +0.122 +0.016 +0.005 0.164 0.875 |    0    0    0    0    2    0   14    0    0    0  

  9    19 +0.278 +0.143 +0.021 +0.011 0.319 0.789 |   15    0    0    1    0    2    0    0    1    0  

 10    32 +0.273 +0.089 +0.021 +0.016 0.000 1.000 |    0    0    0    0    0    0    0    0    0   32  

 11    14 +0.249 +0.093 +0.018 +0.008 0.509 0.500 |    7    0    0    0    0    4    0    1    0    2  

 12    29 +0.224 +0.112 +0.019 +0.009 0.000 1.000 |    0    0    0    0    0    0    0    0    0   29  

 13    40 +0.208 +0.040 +0.010 +0.004 0.000 1.000 |    0    0    0    0    0   40    0    0    0    0  

 14    17 +0.199 +0.095 +0.013 +0.007 0.384 0.706 |    0    0    0    0   12    0    3    0    1    1  

 15    24 +0.206 +0.078 +0.023 +0.008 0.000 1.000 |    0    0    0    0    0    0    0    0   24    0  

 16    20 +0.183 +0.067 +0.012 +0.004 0.358 0.600 |    0    7   12    1    0    0    0    0    0    0  

 17    19 +0.179 +0.045 +0.014 +0.004 0.224 0.789 |    0    0   15    0    4    0    0    0    0    0  

 18    26 +0.181 +0.077 +0.017 +0.008 0.155 0.885 |    0    0    0    0    0    0    0    0    3   23  

 19    16 +0.167 +0.068 +0.014 +0.004 0.557 0.438 |    4    0    3    0    2    0    0    0    7    0  

 20    18 +0.162 +0.060 +0.011 +0.005 0.781 0.278 |    1    2    4    0    5    3    1    0    2    0  

 21    23 +0.164 +0.080 +0.015 +0.006 0.581 0.435 |    0    2    7    0   10    0    3    0    1    0  

 22    23 +0.155 +0.069 +0.012 +0.004 0.279 0.826 |    0    0   19    0    0    2    1    0    0    1  

 23    29 +0.159 +0.120 +0.019 +0.012 0.312 0.793 |    1    0    0   23    3    2    0    0    0    0  

 24    18 +0.152 +0.048 +0.013 +0.004 0.624 0.333 |    1    6    6    0    2    0    0    0    3    0  

 25    24 +0.154 +0.039 +0.016 +0.005 0.075 0.958 |    0    0    0    0    0    1    0   23    0    0  

 26    21 +0.148 +0.051 +0.013 +0.005 0.536 0.619 |    0    1    0   13    1    2    3    0    1    0  

 27    26 +0.141 +0.068 +0.014 +0.006 0.402 0.731 |   19    0    0    0    1    1    0    0    2    3  

 28    33 +0.137 +0.068 +0.020 +0.011 0.272 0.848 |   28    0    0    1    2    0    1    1    0    0  

 29    21 +0.133 +0.053 +0.017 +0.006 0.534 0.571 |    1    0    0    2    0    2    0    0   12    4  
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 30    45 +0.132 +0.041 +0.019 +0.008 0.079 0.956 |    2    0    0    0    0    0    0   43    0    0  

 31    31 +0.129 +0.035 +0.017 +0.005 0.062 0.968 |    0    0    0   30    1    0    0    0    0    0  

 32    32 +0.123 +0.059 +0.013 +0.005 0.463 0.719 |    1    1    0    1    3    2   23    0    1    0  

 33    34 +0.115 +0.042 +0.018 +0.007 0.418 0.559 |    2    0    0    0    0    0   19    0   12    1  

 34    34 +0.109 +0.046 +0.015 +0.005 0.130 0.912 |    0    3    0    0   31    0    0    0    0    0  

 35    40 +0.103 +0.053 +0.013 +0.006 0.051 0.975 |    0   39    1    0    0    0    0    0    0    0  

 36    32 +0.103 +0.052 +0.014 +0.011 0.060 0.969 |    0    1   31    0    0    0    0    0    0    0  

 37    30 +0.099 +0.052 +0.011 +0.004 0.451 0.700 |    2    1    0    1   21    1    4    0    0    0  

 38    33 +0.100 +0.033 +0.013 +0.005 0.059 0.970 |    1    0    0    0    0   32    0    0    0    0  

 39    43 +0.085 +0.030 +0.015 +0.007 0.283 0.837 |    0   36    2    0    0    1    1    0    3    0  

------------------------------------------------------------------------------------------------------ 

 

Timing Information ----------------------------------------------------------- 

   I/O:                                   0.140 sec 

   Clustering:                            1.141 sec 

   Reporting:                             0.359 sec 

*************************************************** ***************************** 

 


