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Introduction

Concept detection is a two-folded problem: firstly to discover useful and previously unknown knowlege and to discover definitions, related topics and subtopics of the concept and on the other hand to discover relationships and associations among concepts in a huge amount of data. There are some techniques helping us to achieve the above mentioned goals and relate to the concept detection e.g.:

Keyword-based  search: we all know it from different search engines like google, altavista,etc. The idea is to find relevant pages which match or contain keywords.

Resource discovery: which uses techniques such as link analysis, link topology and text  classification to find relevant pages.

Wrapper information extraction: help  the  user  extract  specific pieces  of  information  from targeted Web pages.

Web queries : allow  the  user  to  query  the  Web  using  extended database  query  languages.

User preferences: information  is  presented  to  the  user according  to  user’s  preference  specifications.

Concept mining and document clustering are other two relevant techniques which will be discussed in more details, as they provide the framework for papers which will be introduced later.
Concept Mining

Concept mining gives users a context for their search results In addition to (or even in place of) a standard result list. Applications using concept mining can present lists of significant concepts found in the retrieved documents.

By browsing lists of significant concepts, users can quickly get an overview of the kinds of information contained in the result set. They don't need to read through a large number of documents to try to synthesize an overview. This feature can be useful for: 

· Understanding what is in the result set 

· Recognizing related topics to search for 

· Identifying subtopics to focus on 

· In-depth learning
Document Clustering

Document clustering can give users an overview of the range of topics discussed in a set of documents. In addition to (or even in place of) a standard result list, applications using document clustering can present a list of subtopics found in the retrieved documents. 

By browsing a list of subtopics found in the result set, users can quickly get an overview of the kinds of information contained in a result set. They don't need to read through a large number of documents to try to synthesize an overview. This feature can be useful for: 

· Understanding what is in the result set 

· Recognizing subtopics to focus on 
· extract and determine associations
The hypothesis, “ cluster hypothesis”, comes from the dutch-born scientist “Van Rijsbergen, 1971” which says :” closely associated documents tends to be relevant to the same request”. Document clustering is an important form of abstraction, instead of refering to lots of objects, we refer to them as one aggregated entity. More importantly, this technique gives us an overview of the body of data and the structures in it. By document clustering, we can understand the result set better, gain an insight of the structure and extract and determine the associations among concepts.

In the rest of the work two papers will be introduced in the field of concept mining and document clustering.
Fu Y., Bauer T., Mostafa J., Palakal M., and Mukhopadhyay S (2002): Concept Extraction and Association from Cancer Literature. Proceedings of the 4th international workshop on Web information and data management. McLean, Virginia, USA.
The paper has been represented at the “4th international workshop on Web information and data management “ in McLean, Virginia, USA. The workshop is annually held in different cities of the US with the objective of bringing together researchers, industrial practitioners, and developers to  study the Web information extraction and related issues like , storing, analyzing, and processing. The Authors have a moderate number of previous publications, indeed, 3, 5, 22, 13, 16 respectively as their name appear on the paper.

The aim of the work is to represent a method to extract complex medical concept relations automatically. The previous efforts for this purpose  are manually analyzied documents by experts and the others rely mostly on costly Natural language processing  (NLP) approaches. In this paper the influence of algorithm on clustering results and their interaction is investigated.

The algorithm

The algorithm consists of 2 major steps: firstly to discover the tokens and secondly to find the associations among them. The first Part, Token Discovery, consists of the following steps:

- Identification of all unique tokens in each document and removal of frequent occuring ones using a stop-word list. Tokens here refer to individual words.

- Assigning a weight to each token in each document based on the formula called tf.idf which stands for token frequency multiplied with inversy document frequency.

tf.idf : Wik= tik X log(N/nk)

Where tik  is the number of occurrences of token tk in document i, N is the total number of  documents in the training set and nk  is the total number of  documents in which this token appears.

- Ranking the previously calculated weights for each token and document. For example the heighest weighted token will be assigned rank 1 and so on.

- Sorting the Ranks and determining an upper bound for Ranks (R) and a lower bound for the number of documents (D), which is up to the user. This means, the user based on his/her own requirements has to decide how many ranks appearing in at least D number of documents are to be considered. The user, here, has the ability to specify the specifity of tokens by altering the values of R and D.  one can move from highly ranked and specific tokeny by a low R and a low D to more general, frequent occuring tokens by assigning higher values to R and D respectively.

- Afterwards, the result will be validated against three local data bases. Two of which containing protein and gene names, to check if the resulting tokens contain any protein or gene names and the third one is an English dictionary (here webster) intended to remove common english words from the data set

After performing prior steps the dictionary is stablished which will be used to study the association among them in the next step.

The next step, Token association discovery, rely on a technique called Latent Semantic Analysis (LSA) and before continuing with token association discovery, LSA will be introduced briefly.

In LSA, data will be presented by term-document matrices, where elements aij represent the number of appearance of term i in document j. See figure 1 for an example.
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Figure 1: Data representation in LSA.

Using a mathematical method called Single Value Decomposition (SVD), the matrix Xtx0
 Will be factorized as a multiplication of three other matrices:

Xtx0 = Ttxr.Srxr.Orxo
Where r is the rank of Xtx0. Obviously, one ends up with the same Matrix Xtx0 by multiplication of the three matrices on the right side.

By considering only first k linearly independent components of Xtx0, and assigning 0 to the remaining components, we obtain an approximation of Xtx0 .

Xtx0 ˜ X´tx0 = Ttxk.Skxk.Okxo
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Figure 2: the approximated matrix X´tx0 
The idea behind this technique is to reveal hidden semantic structure and that’s why it is called latent semantic analysis.

The next step of our algorithm, token association discovery, relies on LSA, compromising following steps:

- Extracted tokens will be represented by a term-document matrix using the weights calculated earlier by tf.idf  formula.

- By considering all weights associated to each term (rows of the matrix), the distance among them will be calculated based on the following formula:
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- The first row of the matrix will be considered as the first centroid in the space and the second centroid will be the token with the greatest distance to the first centroid.

- For the remaining tokens, the distance to the existing centroids will be calculated, the minimun one will be saved and the maximun of the saved minimums will be the third centroid if it exceeds a user defined fraction of the distance between the two existing centroids.

- The same procedure will be applied for all remaining tokens until no tokens exceeds a user defined fraction of the average distances among existing centroids. For these tokens the nearest centroid will be computed.

Figure 3 depicts an example of the result:
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Figure 3: an example of explored association among extracted tokens. 
Varying the number of terms and vocabulary will alter the overlap ratio as the efficiency measure. Overlap ratio means if the explored associations co-occur in the swiss prot database which contains manually extracted associations by experts. Including more terms, as expected, yields to a higher overlap ratio because more terms contain more latent semantic information. Figures 4-6 depict some experiment results.
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Figures 4,5: varying rank
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Figure 6: varying numer of terms

Conclusion and discussion

This work represents a technique to automatically extract and discover associations among  tokens in the medical domain and determine useful links in order to investigate valuable realtions among medical concepts. The Algorithm relies heavily on Latent Semantic Analysis (LSA) and the work can be considered as an instantiation of LSA in the domain of medicine. The work differs from LSA slightly by representing two formulas, tf.idf   and that for calculating the distance among centroids, which can worsen the quality because it is up to the user to define the parameters appropriately. The effeciency and effectiveness of the system rely heavily on two factors: user and training set. User plays an essential role by assigning values to R, D and (( the fraction of distance among centroids). The qualiy of the system depends on the user’s expertise and ability how good his/her own needs can be expressed in terms of these parameters. This means, the quality of the system depends on qualified users, which is not acceptable for a system which tries to explore an user-independet realtion, namely the relation among medical concepts. On the other hand, the homogeneity or heterogeneity of documents, distribution of tokens and numer of terms in the training set are other factors influencing the quality of system. Regading these issues, the system is not appropriate to predict realtions among concepts automatically but provides a framework for further research.
Liu B., Chin CW., Ng HAT (2003): Mining Topic-Specific Concepts and Definitions on the Web. Proceedings of the twelfth international conference on World Wide Web. Budapest, Hungary.
While The First Author, Liu from the dept. of computer sciences of univercity of Illinois at Chicago, possesses 62 other publications, the co-authors Ng and Chin from dept. of computer sciences of  national university of Singapore, with just one Publication are relatively new to the field. The work has been represented at the twelfth International conference on World wibe web, which is  organzied by International World Wide Web Conference Committee and takes place yearly in different countries of the world.

The aim of the work is to develop a technique to assist web users to employ web as a media for in-depth learning. The proposed algorithm finds definition, subtopic or salient topics of the concepts and tries to organize the information on web in a book style or as the authors say, to “ compile a book” out of unstructured data on the web. The idea is, observe how definitions and subtopics may be introduced on the web and then use these patterns to mine information.
The Proposed Technique

The Proposed Technique, WebLearn (T), has as input search phrase (T) representing the topic the user is interested in. By mining top-ranked results of a search engine, ( here, the first hundred pages of Google) system outputs informative pages, those including definition and/or subtopics of the concept to the user. The overall algorithm is as follows:

1   Submit T to a search engine, which returns a set of relevant  pages.
2   The  system  mines  the  sub-topics  or  salient  concepts  of  T  using a set S of top ranking pages from the search engine. 
3  The  system  then  discovers  those  informative  pages,  i.e.,  those  pages  containing  definitions  of  the  topic  and  sub- topics (salient concepts) from S.  
4  The user views the concepts and those informative pages. 
If s/he still wants to know more about the sub-topics then 
for each user-interested sub-topic Ti of T do 
WebLearn(Ti); 

Sub-Topic or Salient Concept Discovery 
The observation made for Sub-Topic or Salient Concept Discovery is the fact that important phrases are normally emphasized by html tags. Based on this, relevant pieces of text will be extracted by filtering irrelevant parts. This will done in the following manner:

- Filtering noisy documents, those containing clue phrases such as “ In proceeding,  journal,  next  message,  previous  message, reply  to “

- Identification of important  phrases  , those emphasized by html tags, in  each  page and ignoring noisy ones, using following rules:
· Contains a salutation title (e.g., Mr, Dr, Professor). 

· Contains an URL or an email address. 
· Contains  terms  related  to  a  publication  (conference, proceedings, journal). 
· Contains digits 
· Contains an image between the markup tags. 
· Too lengthy  (upper bound 15 words)
Stop-words, to remove frequently occuring words, and stemming will be applied to the reulting set. After mining frequent occurring phrases and ignoring unlikely phrases, e.g. those never appearing alone, the ranked result will be presented to the user.
Definition Finding 

Definition finding is also relies on the possible patterns that definition of a concept may have on the web and if a part of the document exhibits this pattern, it will be identified as an informative page containing definition of the concept. Considered pattern are as follows:

· {is | are} [adverb] {called | known as | defined as} {concept}

· {concept} {refer(s) to | satisfy(ies)} . 
· {concept} {is | are} [determiner] . 
· {concept} {is | are} [adverb] {being used to | used to | referred to | employed to | defined as | formalized as | described as | concerned with | called} . 
· {What is} [determiner] {concept}? 
· {concept} {- | :} {definition} 
· <dt> {concept} <dd> {definition} 
              Legend:   { }  - compulsory field
                              [ ]   - optional field
                             adverb  - e.g., usually, normally, generally,.
                             determiner  - e.g., the, one, a, an, .
                             definition  - definition of a concept
It is clear if the definition of a concept is introduced in another style than included here, it will ignored or if something rather than definition uses such a design it will identified falsely as definition.

Besides above mentioned patterns HTML structuring clues and hyperlink structures are also accounted for definiton finding, e.g. a page containing one big emphasized header or text segment will be considered as one containing definition. Definition finding is applied to the second level of Web  hyperlink  structure using concepts discovered in the previous step.
The main algorithm is refined employing two methods, dealing with ambiguity and mutual reinforcement

Imagine the user wants to know more about “tree“ in the context of data structure that will be clearly different from “tree” in the context of Biology. In order to deal with ambiguity, follwing points are proposed: Finding  salient  concepts  only  in  the  segment  describing  the topic using HTML structuring tags as cues. Finding already structured pages presnting the concept, if any, and identifying if this is the right one. This is done by cheking if the page contains at least one other subtopic of the concept. The last point is consideration of braces, as it is often used by authors for introducing examples.

Based on the fact that searching for one subtopic S1 may give us some useful information about another relevant subtopic S2, it is suggested to enter each subtopic seperately to the search engine and then consider the whole resulting set, which is called Mutual Reinforcement and refines the system further.

Figure 7 illustrates the overall system architecture:
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Figure 7: System architecture of WebLearn. 
Experiments done show that this technique works well and is almost 4 times better than google and AskJeeves. Notice that Google and AskJeeves are not designed for in-depth learning. Google is a search engine and Askjeeves is a Question-Answering System. 

Follweing figures depict examples of the output:

[image: image9.png]Web Min
Web Usage Mining
Web Content Mining
Data Minir
Webminers
Text Mining
Personalization
Information Extraction
Semantic Web Mining
XML
Minine Web Data

Machine Learning:
Neural Networks
Arti I Intelligence
Inductive Logic Programming
Data Minir
Computational Learning Theory
Information Retrieval
Games
Reinforcement Learning

on Trees

¢ Algorithms





Figure 8: Experiment Results of Sub-topic/Salient Concept Discovery.
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Figure 9: Comparison of different proposed refinements.
Conclusion and discussion

The main idea behind the work is to retrieve and organize information based on the made observations in order to help people using web for in-depth learning more effectively. The authors observed possible ways of introducing for example definition and/or subtopic of a concept on the web and then using theses considered patterns targeted information will be filtered out. Obviously, not all potential patterns can be covered because of the diversity of the web and a wide variety of styles used by web authors. If web pages use a not included design, this technique ignores these useful pages in such a case and if the considered patterns are used by the authors of web pages to introduce something different from definitions or subtopic of the concept, wrong information will be mined and submitted to the user. Still by considering an appropriate number of webpages, satisfying results, compared with currently available tools e.g. search engines can be expected which help users for utilizing web for in-depth learning. The Authors compare the effectivity of the system with Google and AskJeeves, a search engine and a Question-Answering System respectively, which are both not intended for in-depth learning. The system has as input google search results and after processing the input and mining targeted information, no doubt, the output satisfies the specification better than raw results of Google. The System can be developed further using NLP and/or statistical approaches.
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