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Abstract:

E

xtracting useful information from a very large amount of biomedical texts is an important and difficult
activity in biomedicine field. Data to be examined are generally unstructured and the available computational
resources do not still provide adequate mechanisms for retrieving and analyze very large amount of contents.
In this paper we present a rule-based system for Text Mining process applied in biomedical textual documents. This
application requires a strongly use of the computational resource to perform intensive operations. We propose a grid
computing approach to improve application performance.
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I. INTRODUCTION
The problem of discovering useful knowledge from unstructured text, is attracting increasing attention. The process of
extracting interesting and not-retrieval patterns or knowledge from unstructured text documents is known as Knowledge
Discovery in Text (KDT). One of the most difficult applications of Knowledge Discovery in Texts is Text Mining (TM)
of biomedical papers: the sheer volume of biomedical research output makes TM a necessity, while the importance of
this research requires extremely high retrieval precision. TM examines the relationships between specific kinds of
information contained both within and between documents. TM concentrates on solving a specific problem in a specific
domain identified a priori. TM can aid database curators by selecting articles most likely to contain information of
interest, or potential new treatments. The goal of biomedical text mining is therefore to allow researchers to identify
needed information more efficiently, uncover relationships obscured by the sheer volume of available information, and in
general shift the burden of information overload from the researcher to the computer by applying algorithmic, statistical
and data management methods to the vast amount of biomedical knowledge [1,2,3,4].
In this paper we discuss a Text Mining Process applied in biomedical documents analysis to recognize biological
entities based on rule system. Moreover we discuss a grid computing approach to the problem in order to improve the
TM application performance. Finally, experimental results and conclusions are presented.
II. TEXT MINING FOR BIOMEDICAL DOCUMENT ANALYSIS
Significant progress has been made in applying text mining to the following text analysis: named entity recognition,
text classification, terminology extraction, relationship extraction and hypothesis generation.
The task of named entity recognition appears straightforward. The goal is to identify, within a collection of text, all of
the instances of a name for a specific type of thing: for example, all of the drug names within a collection of journal
articles, or all of the gene names and symbols within a collection of abstracts. The idea is that recognizing biological
entities in text allows for further extraction of relationships and other information by identifying the key concepts of
interest and allowing those concepts to be represented in some consistent, normalized form. This task has been
challenging for several reasons. First, there does not exist a complete dictionary for most types of biological named
entities, so simple text matching algorithms do not suffice. In addition, the same word or phrase can refer to a different
thing depending upon context. Biological entities may also have multi-word names, like carotid artery, so the problem is
additionally complicated by the need to determine name boundaries and resolve overlap of candidate names.
Text classification attempts to automatically determine whether a document or part of a document has particular
characteristics of interest, usually based on whether the document discusses a given topic or contains a certain type of
information. Typically the information of interest is not specified explicitly by the users and, instead, they provide a set
of documents that have been found to contain the characteristics of interest (the positive training set), and another set that
does not (the negative training set). Text classification systems must automatically extract the features that help determine positives from negatives and apply those features to candidate documents using some kind of decision-making
process.
Paralleling the growth of the increase in biomedical literature is the growth in bio-medical terminology. Because many
biomedical entities have multiple names and abbreviations, it would be advantageous to have an automated means to
collect these synonyms and abbreviations to aid users doing literature searches. Furthermore, other text-mining tasks
could be done more efficiently if all of the synonyms and abbreviations for an entity could be mapped to a single term
representing the concept. Most of the work in this type of extraction has focused on uncovering gene name synonyms and
biomedical term abbreviations.
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The goal of relationship extraction is to detect occurrences of a pre-specified type of relationship between a pair of
entities of given types. While the type of the entities is usually very specific, like genes, proteins or drugs, the type of
relationship may be very general, like any biochemical association, or very specific, like a regulatory relationship
While relationship extraction focuses on the extraction of relationships between entities explicitly found in the text,
hypothesis generation attempts to uncover relationships that are not present in the text but instead are inferred by the
presence of other more explicit relationships. The goal is to uncover previously unrecognized relationships worthy of
further investigation [5,6].
Fig. 1 shows Knowledge Discovery in Text process steps. Knowledge Discovery in Text can be visualized as
consisting of two phases: Text Refining that transforms free-form text document in a chosen Intermediate Form and Text
Mining that deduces patterns or knowledge from the Intermediate Form [2,7,8,9,10].

Fig. 1. Knowledge Discovery in Text
A. Building the Association Rule Induction
Association discovery is a central activity of the text mining phase. It is the identification process of meaningful
correlations among frequent whole data and can being applied to textual structured form. A rule consists of a left-hand
side proposition, antecedent, and a right-hand side, consequent. Both sides consist of Boolean statements or predicates.
The rule states that if the left-hand side is true, then the right-hand is also true. A probabilistic rule modifies this
definition so that the right-hand side is true with probability p, given that the left-hand side is true. An association rule is
described by the form:
X ⇒Y
where X and Y are predicates or set of items. As the number of produced associations might be huge, and not all the
discovered associations are meaningful, two probability measures, called support and confidence, are introduced to
discard the less frequent associations in the database.
The support is defined as:
fr ( X ⇒ Y )

(1)

while the confidence is:
fr( X ∧ Y )
c( X ⇒Y ) 
fr( X )
The accuracy of the association rule, when regarded in terms of conditional probability, can be seen as a maximum
likelihood (frequency-based) estimate of the conditional probability that Y is true, given that X is true.
Through association rules it happens the classification or text categorization of the analyzed text. The definition of
accurate rules allows to the TM tool to analyze the whole text and to decide if the tokens, in which the text is divided,
belongs to a class, lemma, or another. Any TM rule founds its principle on the matching, that is to say, "keywords lists"
are created each of which contains a subset of words, specifications and not, of the universe, in our case of the
Biomedicine. The matching is not enough when one of these words, token, is present in more lists or there isn't in some
lists, in such case it needs to understand what is the correct meant to give to the token and therefore the TM rules must be
define so that to analyze the tokens that follow or precede the token to classify. The matching rule is the rule that seeks
the presence in a keywords lists for every considered token and associates, to the token, the name of the same list:
IF token belongs to a list ANDtoken it doesn't belong to other lists THEN the meaning to the token is
the name of the same list
The problem is when the token is present in more or no lists, in such case grammatical rules and interpretation rules
are necessary. For example we consider the word "Franconia" this can be in two different contexts, in the sentence
"…Nicola Fan-coni restaurant…. " or "…discovery of new drugs for the anemia of Fanconi…. ", to this point the simple
matching rule is not enough to give an unequivocal meaning to the token "Fanconi" being in two lists "Surname" and
"Pathology". To give a meaning to this token is needed categorization the lemmas, that is, understanding the meaning of
the following and the precedent token, an example is the following rule:
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IF token belongs to the list "surname" AND token belongs to the list "pathology" IF preceding token OR following
token belongs to the list "names" THEN token preceding/following & token means "first name" ELSE token means
"pathology'
An example of rule is in which a token is not in any list, in such case it is need to understand what meant it can have,
for example, if we consider "Anatomy and Orthopedics Anderson-Fabry though CT" the token "Anderson-Fabry" could
not be present in any list. To this point it is possible to understand which meant to give to this token, in our case, being
followed by a key CT (compression therapy), the token is the name of one syndrome that brings the name of the
physicians that have dis-covered her; then a rule of such case is:
IF token is not present in any list
IF preceding token belongs to the list "therapy/drugs"THEN token & token preceding/following mean "pathology"
Another rule is:
IF token belongs to the list ‘human anatomy’ AND preceding token belongs to the list "therapy/drugs"”THEN token
& token preceding/following mean "symptom"
III. GRID COMPUTING IN TEXT MINING
In Figure 2a is shown a schema of the typical Job produced by a TM tool. This is a single-instruction and
multiple-data stream Job that reveals an intensive use of the CPU resource. In Figure 2b is shown the Job model here
adopted to overcome the single CPU bound. It distributes several computing nodes the user commands and a slice of the
whole data set. At the completion time each node came back the results.

Fig. 2. Text Mining Job Models
In Figure 3 is shown the layered adapter system architecture designed as a soft-ware application between a
grid middleware infrastructure and the user application to implement the Job model for Grid Computing.
In the hierarchical architecture, there is, to lowest level, the grid middleware with its services, and to next level the
shell scripts that interoperate to grid middleware using services.
The functional management system layer is composed by:
• Grid node search system;
• A Load Balancer;
• User program modules ;
• User’s module management system;
• A Transfer Optimizer;
The node search system effects the search of nodes which are available for execution.

Fig. 3. The Adapter Hierarchical Architecture
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The Load Balancing system analyses the whole input data set and the computing nodes previously selected to split the
work for parallel execution.
The user program modules are developed or available for the end user. They are programs which are distributed on
the nodes together data for the execution. It receives and produce a file or a set text file.
The program modules manager allows to the user to add and to manage all mod-ules that user wants to use. The
manager produce its activity up on a set up of a con-figuration file. For example to taken into account the applicative
modules for the symptoms and pathologies extraction a such configuration file must be updated.
The transfer optimizer module performs the data compression optimizing the communication time.
Upper layer, there is a graphical user interface, that supplies the direct and intuitive access to the system
functionalities. Through simple click and, incompletely transparent way to the user, the interface dialogues with the
underlying modules. The communication with lower layer module is realized by a shell script passing the actual value
of the parameter.
The software system architecture here presented is an effective solution to improve the performance of TM
application in bioinformatics.
IV. EXPERIMENTAL RESULTS
The process of Text Mining starts from a set of 1000 scientific full text publications available on MedLine / Pubmed in
pdf format. The process consists of three phases: text extraction from pdf documents, text mining rules application as
described in section 2.1, results storage in a repository composing of identified biological entities (symptoms and
pathologies). Text mining rules application is realized using GATE 4.0 tool JAVA APIs [13]. Figure 4 shows a sample of
obtained text mining results. Results show the efficiency of the rules application.
Grid execution of text mining operation has been realized through a prototype development written in Java following
the system architecture proposed in paragraph 3, using Globus Toolkit 4 grid middleware [14].
The use of standard Java APIs allows porting code on all computational grid nodes used for this experiment, provided
that the experimental grid is here built using Globus Toolkit 4 on Gnu / Linux systems.
System efficiency has been evaluated through execution time estimated on a serial computer and then on a
computational grid. Execution time has been estimated for a grid with a variable nodes number considering an input data
set composed of 1000 biomedical documents with appropriate dimensions. Estimation of speedup indicator has been
obtained. Speedup indicator is defined as the ratio between the mining process execution time on traditional serial
machine, and on a computational grid. Figure 5 shows architecture speedup depending on grid node number.

Fig. 4. Text Mining Results

Fig. 5. Speedup depending on grid node number, considering a data set of 1000 documents from 10KB to 900KB each
V. CONCLUSION
In this paper has been presented a biomedical Text Mining using a grid computing approach. The TM application
requires a strongly use of the computational resource as we proposed
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