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Abstract. Knowledge mining emerged as a rapidly growing interdisciplinary 
field that merges together databases, statistics, machine learning and related 
areas in order to extract valuable information and knowledge in large volumes 
of data. In this paper we present the key finding of the results achieved during 
the NEMIS Conference on “Knowledge Mining” 

1   Introduction 

Knowledge Discovery merges together databases, statistics, machine learning and 
related areas in order to discover information and knowledge in large volumes of data. 
In the past two decades, all organizations have collected huge amounts of data in their 
databases. These organizations need to understand their data and/or to discover useful 
knowledge as patterns and/or models from their data [1].  

In general, data can be seen as a string of bits, or numbers and symbols, or 
“objects”. We use bits to measure information, and see it as data stripped of 
redundancy, and reduced to the minimum necessary to make the binary decisions that 
essentially characterize the data (interpreted data). We can see knowledge as 
integrated information, including facts and their relations, which have been perceived, 
discovered, or learned as our “mental pictures”. In other words, knowledge can be 
considered data at a high level of abstraction and generalization. 

There is a difference in understanding the terms “knowledge discovery” and “data 
mining” between people from different areas contributing to this new field. During 
this conference we examined the issues of knowledge discovery in different 
applications. Knowledge discovery in databases is the process of identifying valid, 
novel, potentially useful, and ultimately understandable patterns/models in data [1]. 
Data mining is a step in the knowledge discovery process consisting of particular data 
mining algorithms that, under some acceptable computational efficiency limitations, 
finds patterns or models in data. In other words, the goal of knowledge discovery and 
data mining is to find interesting patterns and/or models that exist in databases, but 
are hidden among the volumes of data. 

 



The process of knowledge discovery inherently consists of several steps as shown in 
Figure 1 [1].  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1.  The Knowledge Discovery Process 

 
The first step is to understand the application domain and to formulate the 

problem. This step is clearly a prerequisite for extracting useful knowledge and for 
choosing appropriate data mining methods in the third step according to the 
application target and the nature of data. 

The second step is to collect and preprocess the data, including the selection of the 
data sources, the removal of noise or outliers, the treatment of missing data, the 
transformation (discretization if necessary) and reduction of data, etc. This step 
usually takes the most time needed for the whole KDD process.  

The third step is data mining that extracts patterns and/or models hidden in data. A 
model can be viewed “a global representation of a structure that summarizes the 
systematic component underlying the data or that describes how the data may have 
arisen”. In contrast, “a pattern is a local structure, perhaps relating to just a handful of 
variables and a few cases”.  

The fourth step is to interpret discovered knowledge, especially the interpretation 
in terms of description and prediction the two primary goals of discovery systems in 
practice. Experiments show that discovered patterns or models from data are not 
always of interest or direct use, and the Knowledge Discovery process is necessarily 
iterative with the judgment of discovered knowledge. 

The final step is to put discovered knowledge in practical use. In some cases, one 
can use discovered knowledge without embedding it in a computer system. 
Otherwise, the user may expect that discovered knowledge can be put on computers 
and exploited by some programs. Putting the results into practical use is certainly the 
ultimate goal of knowledge discovery. 

This paper is organised as follows; section 2 presents a synthesis of the research 
results presented during the conference. Applications on Knowledge Mining can be 
found in section 3. Case studies are the theme of section 3. 
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2 Knowledge Mining: A Synthesis of Research Results  

Despite its theoretical backbone, the conference focused in applications used for 
knowledge discovery. During the one day conference several new approaches have 
been presented. The conference covered different areas in the knowledge mining 
sector. David Bell presented in [1] an evidential approach to classification 
combination for text categorisation. The authors reviewed well defined classification 
methods like the Support Vector Machine [3], kNN (nearest neighbours) [4], kNN 
model-based approach (kNNM) [5], and Rocchio methods [6]. In the method 
described in their work, they combine these classifiers. A previous study suggested 
that the combination of the best and the second best classifiers using evidential 
operations [7] can achieve better performance than other combinations. They asses 
some aspects of this from an evidential reasoning perspective and suggest a 
refinement of the approach. This is an extension of a novel method and technique for 
representing outputs from different classifiers – a focal element triplet – to a focal 
element quartet, and uses an evidential method for combining multiple classifiers 
based on this new structure. The structure, and the associated methods and techniques 
developed in this research are particularly useful for data analysis and decision 
making under uncertainty. They can be applied in many decision making exercises 
which knowledge and information are insufficient and incomplete. 

Many strategies of Text Retrieval are based on Latent Semantic Indexing and its 
variations, by considering different weighting systems for words and documents. 
Correspondence Analysis and L.S.I. [8] share the basic algebraic tool, i.e. the Singular 
Value Decomposition and its generalisation, related to the use of a different way for 
measuring the importance of each element, both in determining and representing 
similarities between documents and words. The aim of the paper was to propose a 
peculiar factorial approach for better visualizing the relations between textual data 
and documents, compared with classical Correspondence Analysis. Simona Balbi and 
Michelangelo Misuraca in [3] consider a term frequency/document frequency index 
scheme, mainly developed for Text Retrieval, in a textual data analysis context. An 
application on Italian Le Monde Diplomatique corpus (about 2000 articles published 
from 1998 to 2003 in the Italian edition of LMD) shows the effectiveness of their 
approach. Further developments can be achieved by considering the introduction of a 
proper weighted Euclidean metric in the sub-space spanned by documents, for 
visualizing words association. Moreover, in order to better understand the relations 
between the documents and the language used, the development of more powerful 
graphical tools in textual data analysis need to be studied, in the frame of a Visual 
Text Mining. 

The state of the art of the main TM applications was the theme of Bolasco et al 
[10]. In order to accomplish this task, a two-step strategy has been pursued: first of 
all, some of the main European and Italian companies offering TM solutions were 
contacted, in order to collect information on the characteristics of the applications; 
secondly, a detailed search on the web was made to collect further information about 



users or developers and applications. On the basis of the material collected, a 
synthetic grid was built to collocate, from more than 300 cases analysed, the 100 ones 
that we considered most relevant for the typology of function and sector of activity. 
The joint analysis of the different case studies has given an adequate picture of TM 
applications according to the possible types of results that can be obtained, the main 
specifications of the sectors of applications and the type of functions. At the end, it 
was possible to classify the applications matching the level of customisation 
(followed in the tools development) and the level of integration (between users and 
developers). This matching produced four different situations: standardisation, 
outsourcing, internalisation, and synergism. 

Tasoulis and Vrahatis in [11] present novel approaches to unsupervised clustering 
through the k-windows algorithm [12]. Clustering algorithms are typically employed 
to identify groups (clusters) of similar objects. A critical issue for any clustering 
algorithm is the determination of the number of clusters present in a dataset. In this 
contribution they presented a clustering algorithm that in addition to partitioning the 
data into clusters, it approximates the number of clusters during its execution. Further 
modifications of this algorithm for different distributed environments and dynamic 
databases are available at [11]. 

The last years there has been an increasing interest both from the Information 
Retrieval community and the Data Mining community in investigating possible 
advantages of using Word Sense Disambiguation (WSD) [13] In [14, 15] the results 
presented were negative, though probably because in [15] the WSD process applied 
did not assign a single sense to each word, but tackled all the possible senses for all 
the words, while in [14] the semantic relations, like the hypernym/hyponym relation, 
were not taken into account. In contrast, in [16, 17], a rich representation for senses 
was utilized, that exploited the semantic relations between senses, as provided by 
WordNet1. Thus, there exist indications that the correct usage of senses can improve 
accuracy in Data Mining tasks. In general a WSD process can be either supervised or 
unsupervised (or a combination of the two). The supervised WSD considers a pre-
tagged text corpus that is used as a training set. The sense of a new keyword can then 
be inferred based on the hypothesis generated by the training set. In [18] you can find 
a proposal for two methods for calculating the semantic distance of a set of senses in a 
hierarchical thesaurus and utilize them for performing unsupervised WSD.  

A roadmap is typically a time-based plan that defines the present state, the state we 
want to reach and the way to achieve it. This includes identification of exact goals and 
the development of different routes for achieving them. In addition, it provides 
guidance to focus on the critical issues that are needed in order to meet these 
objectives. The roadmap presented in [19] aims at preparing the ground for future 
Text Mining RTD activities by investigating future research challenges and defining 
specific targets. For the development of this roadmap a “scenario-driven approach” 
has been used, meaning that several scenarios for potential future applications 
concerning Text Mining have been developed. These scenarios were used to reflect 
emerging user needs, combine them with key technologies and provide a snapshot of 
the future. The produced roadmap has also shown possible ways of realising these 
scenarios and identified the directions for future technology evolution. 

                                                           
1 http://www.cogsci.princeton.edu/~wn/ 



 

A comparison analysis of the available text mining tools was presented in [20] The 
basic stages of the overall comparison process are described, together with the 
specified evaluation criteria. In general, the functionalities offered by each of the 
reviewed software may cover fully the needs of a given text analysis project. The 
suggestion for the implementation of single software that is suitable for all types of 
text mining projects does not yield as a conclusion of the comparison study. Each 
system serves specific objectives and has its own identity. However, some 
development standards such as textual data management or export formats might be 
useful to be applied. In addition, the adaptation of standard terminology among the 
existing text mining tools could be a step of further improvement. 

Are linguistic properties and behaviors important to recognize terms? Are 
statistical measures effective to extract terms? Is it possible to capture a sort of term 
hood with computation linguistic techniques? Or maybe, terms are too much sensitive 
to exogenous and pragmatic factors that cannot be confined in computational 
linguistic? All these questions are still open. The study presented by Maria Teresa 
Pazienza, Marco Pennacchiotti, and Fabio Massimo Zanzotto in [21] tries to 
contribute in the search of an answer, with the belief that it can be found only through 
a careful experimental analysis of real case studies and a study of their correlation 
with theoretical insights. 

3 Applications for Knowledge Mining: A Synthesis of R & D 
Results  

Up to 80% of electronic data is textual and most valuable information is often 
encoded in pages which are neither structured, nor classified. Documents are - and 
will be - written in various native languages, but these documents are relevant even to 
non-native speakers. Nowadays everyone experiences a mounting frustration in the 
attempt of finding the information of interest, wading through thousands of pieces of 
data. The process of accessing all these raw data, heterogeneous for language used, 
and transforming them into information is therefore inextricably linked to the 
concepts of textual analysis and synthesis, hinging greatly on the ability to master the 
problems of multilinguality. Through Multilingual Text Mining, users can get an 
overview of great volumes of textual data having a highly readable grid, which helps 
them discover meaningful similarities among documents and find all related 
information. The work presented by SYNTHEMA [22] describes the approach used 
by for Multilingual Text Mining, showing the classification results on around 600 
breaking news written in English, Italian and French. Terminologies and Translation 
Memories permit to overcome linguistic barriers, allowing the automatic indexation 
and classification of documents, whatever it might be their language. This new 
approach enables the research, the analysis, the classification of great volumes of 
heterogeneous documents, helping people to cut through the information labyrinth. 
Being multilinguality an important part of this globalised society, Multilingual Text 
Mining is a major step forward in keeping pace with the relevant developments in the 
challenging and rapidly changing world. 
 



Future Concept Lab illustrated in [12] how the use of interactive digital material 
can be relevant to analyse qualitative and quantitative data in a participatory and 
creative manner. They focused on the additional value of presenting data in an 
interactive and flexible way by using a two-ways insight matrix and a word mapping 
statistical technique called Semiometrie. In order to exemplify their usage, they 
presented a research (The Material Culture of Happiness’) based on the collection and 
the analysis of photo diaries coming from Spain, France, England, Germany, Italy, 
The Netherlands, Finland and Russia. 

The platform design based on the methodology proposed for web information 
retrieval and extraction in the context of the R&D project CROSSMARC2 was 
presented in [24]. The platform facilitates the use of tools for collecting domain 
specific web pages as well as for extracting information from them. It also supports 
the configuration of such tools to new domains and languages. The platform provides 
a user friendly interface through which the user can specify the domain specific 
resources (ontology, lexica, corpora for the training and testing of the tools), train the 
collection and extraction tools using these resources, and test the tools with various 
configurations.  

The contribution of SAS Institute on industrial applications of Text Mining was 
included in [25]. Three industrial applications of text mining presented requiring 
different methodologies. The first application used a classification approach in order 
filter documents relevant for personal profiles from an underlying document 
collection. The second application combines cluster analysis with statistical trend 
analysis in order to detect emerging issues in manufacturing. In the third application a 
combination of static term indexing and dynamic singular value computation is used 
to drive similarity search in a large document collection. All of these approaches 
require a knowledgeable human to be part of the process; the goal is not an automatic 
knowledge understanding but using text mining technology in order to enhance the 
productivity of existing business processes. 

Thierry Poibeau in [26] presented the way an information extraction system can be 
recycled to produce RDF schemas for the semantic web [27]. He demonstrated that 
this kind of systems must respect operational constraints like the fact that the 
information produced must be highly relevant (high precision, possibly bad recall). 
The production of explicit structured data on the web will lead a better relevance of 
information retrieval engines 

In the recent years there is a tremendous increase in the number of actors in the 
statistical arena in terms of producers, distributors, and users due to the new options 
of the web technology. These actors are not sufficiently informed about the 
technological progress made in the field of text mining and the ways in which they 
can benefit from these. Several applications are needed in the world of production and 
dissemination of official statistics. Examples of such applications might be advanced 
querying of document warehouses at websites, analysing, processing and coding the 
answers to open-ended questions in questionnaire data, sophisticated access to 
internal and external sources of statistical metainformation, or to "pull" statistical data 
and metadata from the web sites of sending institutions [28]. 

 

                                                           
2 http://www.iit.demokritos.gr/skel/crossmarc  



 

4 Knowledge Mining Theory in Practise: Demonstration of Text 
Mining Case Studies  

Text mining techniques were used to improve the consultation of jurisprudence 
textual databases in the case study presented in [29]. The data used for the case study 
consists of a corpus of 430 legal sentences issued by the Spanish Tribunal Supremo 
(Supreme Court), and relative to prostitution offences, from 1979 to 1996. The 
authors focused on correspondence analysis (CA) techniques, but also provide some 
insights on similar visualization techniques, such as self organizing maps (Kohonen 
maps), and review the potential impact of various Natural Language pre-processing 
techniques. CA is described in more detail, as well as its use in all the steps of the 
analysis. A concrete example is provided to illustrate the value of the results obtained 
with CA techniques for an enhanced access to the studied jurisprudence corpus. 

Technology Watch (TW) and Competitive Intelligence (CI) are important tools for 
the development of R&D activities and the enhancement of competitiveness in 
enterprises. TW activities are able to detect opportunities and threats at an early stage 
and facilitate the information in to decide and carry out the appropriate strategies. The 
base of TW is the process of search, recovery, storage and treatment of information. 
The development of Text Mining solutions opens a new scenario for the development 
of TW activities. Up to now the enterprises and organizations using Text Mining 
techniques in their TW and information management activities are a small minority. 
Only a few large industrial groups have integrated Text Mining solutions in their 
structure in order to build up their information management systems and develop TW 
and CI activities. The situation concerning smaller companies (especially SMEs) is 
obviously worse in which respect to the application of Text Mining techniques. The 
[30] focuses in the possible ways to introduce Text Mining solutions into SMEs, 
describing methodological and operative solutions that could bring them ways of 
profiting Text Mining advantages in their TW and CI activities without charging them 
the high costs of individual Text Mining solutions. The model presented is centered in 
the collective use of advanced Data Mining and Text Mining techniques in SMEs 
through industrial and R&D Intermediate Centers. 

The role of metadata and metainformation in the area in statistics is the theme in 
[31].  In the first part, the paper is presenting some basic characteristics of the 
contemporary statistical information systems from the point of view of the needs for 
utilization of metadata and data/text mining.  As it is well known, modern statistical 
systems are characterized by an enormous amounts of various statistical data what 
requires also specific methods and technologies for their processing. In the second 
part the mutual relations between metadata and metainformation are analysed and 
some conclusions and recommendations for the further research and development in 
that problem areas are presented. 

Biotechnology is a technological sector that had a tremendous growth during the 
past decade. It can be considered as a technology at its peak of development and in 
the centre of interest of scientists and companies. Consequently, those who are 
actively involved in the field of biotechnology require the estimation of the existing 
situation and of the technological innovation in a reliable and scientific way. In order 
to study the research in the particular technological sector worldwide and particularly 



in Europe, Spinakis and Chatzimakri in [20] analysed patents, which were certified 
during the years 1995-2003. The analysis has been done with the use of STING 
software, which is specialised in the analysis of patents. The analysis of patents is 
based on the usage of simple statistics and multidimensional techniques, such as 
Correspondence Analysis, Factor Analysis and Cluster Analysis. For the particular 
research 2064 patents have been used. 

A search engine that enables an enhanced access to domain specific data available 
on the web was presented in [33]. This engine proposes a hybrid search interface 
combining query-based search with automated navigation through a tree-like 
hierarchical structure. An algorithm for automated navigation is proposed that 
requires NLP of the documents, including language identification, tokenization, part-
of-speech tagging lemmatization and entity extraction. 

European Social Survey collects a vast amount of event data, which are reported 
from the media of European countries. The basic aim of the event data selection is the 
creation of a database, which will constitute the source for the analysis of events and 
the extraction of information in relation to the impact of historical circumstance, in 
the shaping of attitudes. Stathopoulou in [34] presented the methodological 
approaches for event data analysis and exploration, through text mining techniques. In 
addition, a case study of event data analysis from the database of European Social 
Survey is also presented. The analysis was performed through the use of SPAD 
Software and SAS Text Miner.  

5   Conclusions  

Knowledge mining is an enormous field in the area of information extraction from 
different sources. The conference managed to present new research results by 
combining well known techniques and algorithms. Applications (non commercial at 
the time being) have been demonstrated by providing examples of their use. The use 
of text mining algorithms, tools and techniques in real life problems was presented 
through the case studies.  
Knowledge mining is a rapidly growing interdisciplinary field. In the forthcoming 
years more applications of KDD will be on the focus of researchers in academia and 
industry. 
 

References 

1. Fayyad, U.M., Piatetsky-Shapiro, G., Smyth, S., and Uthurusamy, R.:Advances in 
Knowledge Discovery and Data Mining, M.I.T. Press, 1996. 

2. David Bell and Y. Bi, “An Evidential Approach to Classification Decision Combination for 
Text Categorisation” in “Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness 
and Soft Computing, S. Sirmakessis (Ed.), 2005. 

3. Joachims, T. (1997). A probabilistic analysis of the Rocchio algorithm with TFIDF for text 
categorization. The Fourteen International Conference on Machine Learning (ICML’97). 



 

4. Yang, Y. (2001). A study on thresholding strategies for text categorization. Proceedings of 
ACM SIGIR Conference on Research and Development in Information Retrieval 
(SIGIR'01), pp 137-145. 

5. Guo, G., Wang, H., Bell, D., Bi, Y. and Kieran Greer, K.(2003). kNN model-based 
approach in classification. Cooperative Information Systems (CoopIS) International 
Conference. Lecture Notes in Computer Science, pp986-996. 

6. Ittner, D. J. Lewis, D. D and Ahn, D. D. (1995). Text categorization of low quality images. 
In Symposium on Document Analysis and Information Retrieval, pp301-315. 

7. Bi, Y., Bell, D., Wang, H., Guo, G. and Greer, K.  Combining Classification Decisions for 
Text Categorization: An Experimental Study. 15th International Conference on Database 
and Expert Systems Applications (DEXA’04), Lecture Notes of Computer Science by 
Spring-Verlag, pp222-231, 2004. 

8. Lebart, L., Salem, A., Berry, L.: Exploring Textual Data. Kluver Academic Publishers, 
Dordrecht (1998) 

9. Simona Balbi, Michelangelo Misuraca., “Visualization Techniques for Non Symmetrical 
Relationships" in “Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and 
Soft Computing, S. Sirmakessis (Ed.), 2005. 

10. Sergio Bolasco, Alessio Canzonetti, Federico M. Capo, Francesca Della Ratta-Rinaldi, 
Bhupesh K. Singh, “Understanding Text Mining: a Pragmatic Approach” in “Knowledge 
Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis 
(Ed.), 2005. 

11. D.K. Tasoulis and M.N. Vrahatis, “Novel Approaches in Unsupervised Clustering”, in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

12. M. N. Vrahatis, B. Boutsinas, P. Alevizos, and G. Pavlides. The new k-windows algorithm 
for improving the k-means clustering algorithm. Journal of Complexity, 18:375-391, 2002 

13. Ide, N., Véronis, J.: Word Sense Disambiguation: The State of the Art. Journal of 
Computational Linguistics (1998) 24(1) 1-40. 

14. Kehagias, A., Petridis, V., Kaburlasos, V.G., Fragkou, P.: A comparison of Word- and 
Sense-based Text Categorization Using Several Classification Algorithms. Journal of 
Intelligent Information Systems (2003) 21(3) 227-247  

15. Scott, S., Matwin, S.: Feature Engineering for Text Classification. In: Proc. of of ICML-99, 
16th International Conference on Machine Learning (1999) 379-388 . 

16. Hohto, A., Staab, S., Stumme, G.: WordNet improves Text Document Clustering. In: Proc. 
of the SIGIR 2003 Semantic Web Workshop (2003)  

17. Bloehdorn, S., Hotho, A.: Boosting for Text Classification with Semantic Features. In: 
Proc. of the SIGKDD 2004 MSW Workshop (2004)  

18. .D. Mavroeidis, G. Tsatsaronis, M. Vazirgiannis, “Disambiguation for similarity retrieval in 
document collections”, in “Knowledge Mining” Springer Verlag, Series: Studies in 
Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 2005. 

19. Gina Panagopoulou, “A Strategic Roadmap for Text Mining”, in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 

20. Antoine Spinakis; Asanoula Chatzimakri, “Analysis of Biotechnology Patents” in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

21. Maria Teresa Pazienza, Marco Pennacchiotti, and Fabio Massimo Zanzotto, “Terminology 
extraction: an analysis of linguistic and statistical approaches”, in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 



22. Federico Neri, Remo Raffaelli, “Text Mining applied to multi-lingual corpora”, in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

23. Furio Camillo, Melissa Tosi, Tiziana Traldi, “Semiometric approach, qualitative research 
and text mining techniques for modelling the material culture of happiness”, in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

24. Vangelis Karkaletsis, Constantine D. Spyropoulos, “The CROSSMARC platform for Web 
information retrieval and extraction" in “Knowledge Mining” Springer Verlag, Series: 
Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 2005. 

25. Bernd Drewes, “Some Industrial Applications of Text Mining" in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 

26. Thierry Poibeau, “Content annotation for the Semantic Web”, in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 

27. W3C. 1999. Resource Description Framework (RDF) Model and Syntax, W3C 
Recommendation, 22 Feb.  1999.] 

28. Alf Fyhrlund, Bert Fridlund and Bo Sundgren. “Using Text Mining in Official Statistics”, 
in “Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, 
S. Sirmakessis (Ed.), 2005. 

29. Mónica Bécue Bertaut, Martin Rajman, Ludovic Lebart, Eric Gaussier, “Extraction of the 
useful words from a decisional corpus Contribution of correspondence analysis” in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

30. Jorge(Gorka) Izquierdo, Sergio Larreina, “Collective SME approach to Technology Watch 
and Competitive Intelligence: the role of Intermediate Centers", in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 

31. Dusan Soltes,. “New challenges and roles of metadata in text/data mining in statistics", in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

32. Antonis Spinakis, Assanoula Chatzimakri, “Analysis of Biotechnology Patents”, in 
“Knowledge Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. 
Sirmakessis (Ed.), 2005. 

33. Martin Rajman, Martin Vesely, “Combining Text Mining and Information Retrieval 
Techniques for Enhanced Access to Statistical Data on the Web”, in “Knowledge Mining” 
Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis (Ed.), 
2005. 

34. Theoni Stathopoulou, “Text Mining Tools for Event Data Analysis, in “Knowledge 
Mining” Springer Verlag, Series: Studies in Fuzziness and Soft Computing, S. Sirmakessis 
(Ed.), 2005. 

 


