International Journal of Inventive Engineering and Sciences (IJIES)
ISSN: 2319-9598, Volume-3 Issue-1, December 2014

Enhanced Semantic Preserved Concept Based
Mining Model for Enhancing Document Clustering

Resmi Ramachandran Pillai

Abstract: The project “Enhanced semantic preservedncept The main disadvantages are it is manual one,cusfipses
based mining model for enhancing document clustgin’ waste of time for manual operations, lack of seisant
proposes the enhancement of data mining model féficent ., sjgeration,inefficient term matching,do not ddes

informaion retreival . Concept based mining model is a dt d d ies. it d t izl
challenging and a red hot field in the current scario and has Synonyms and term aependencies, it does not prepa

great importance in text categorization applicatienA lot of Matching and poor retreival performance.

research work has been done in this field but thésea need to

categorize a collection of text documents into maily exclusive 1. PROPOSED SYSTEM

categories by extracting the concepts or featurstng supervised .
learning paradigm and different classification algithms. This [N the proposed system the concepts of the passage
project aims to Develop a concept based mining nhofte considered and clustered on the basis of the saw@he
preserving the meaning of sentence using semantiet r& proposed model can efficiently find significant ofdng
synonym dictionary. The new concept definition cae bxpressed concepts between documents,according to the seraatti

in the form of a triplet <subject, verb, object¥his triplet is the their sentences. The similarity between documernsts i

basic unit for the processing and preprocessing ks For S
increasing  the performance, SVD  (Singular  Value calculated based on a new concept - based similarit

Decomposition) is used. measure.A raw text document is the input to theppsed
model. Each document has well definedsentence loiasd
Keywords: - SVD, Concept, Categories, algorithms, tduisg. Each sentence in the document is labeled autorfigtica
based on the Prop Bank notations. The sentencehtsat
I INTRODUCTION many labeled verb argument structures includes marys
Data mining, the extraction of hidden predictiv@SSOCiatEd with their arguments. The I_abeled veghraent
information from large databases, is a poweréwn structures, the output of the role labeling task, @ptured

technology with great potential to help companiesut on and analyzed by the concept-based model on thersmnt
the most important information in their data wanesms. and document levels. In this model, both the verd the
Data mining tools predict future trends and behavio argument are considered as ter_ms. One term can.nbe a
allowing businesses to make proactive, knowledgesdr argument to more than one verb in the same sentgée
decisions. The automated, prospective analysesedffoy Means that this term can have more than one semaiti
data mining move beyond the analyses of past everis the same sentence..The main advantages_ a_ren_|ba=;a
provided by retrospective tools typical of decisempport USe€d to create a platform that is capable of ifleng &
systems. Data mining tools can answer businesstigoes class_|fy|ng medical care reIaFed information fromlpqts,lt
that traditionally were too time consuming to resolThey Cconsider the semantic meaning of the entered &dficsent
scour databases for hidden patterns, finding ptiedic €rm matching,considers synonyms and term depereignc
information that experts may miss because it litside Provide partial matching and it is accurate method.

their expectation.Semantic preserved Concept basidg

model is used to avoid the problems of polysemy and

synonymy in the text mining applications.It is aliénging

issue to find accurate and relevant knwolegde & text

documents to help users to find what they actuadint. The

main advantage of term based mining is that it ighest

computational performance compared to concept based

mining.A lot of research work has been done in fileisl but

there is a need to categorize a collection of tlmduments

into mutually exclusive categories by extractinge th

concepts or features using supervised learningdgaraand

different classification algorithms.

Il EXISTING SYSTEM

The existing system is based on keywords and its
frequency.When we are submitting a querry it couhts
frequency of words and seraches based on the fregue
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IV. SOLUTION APPROACH

Document Processor Keyterms and Phrase miner
Document
[ J Term and phrase
extraction

L.Pos taggipe Phrase structure tree

2. parsing L )
»| Feasibility analysis

= .
using SVD

Root verb extraction Add synonym dictionary

List of vlerbs

A STIANTC 11et
rcasibiity analysis ™ Root verb concepts
Relation miner ) K J
V. MODULES ,view,Accuracy,Completeness,Consistency, Timeliness.

6.2 concept extraction

1. Preprocessing a_nd parsing 6.2.1 Term & phrase extraction
2. Concept Extraction . .
. Stepl:Consider only those internal NP (Noun Phraedps
3. Concept Representation . .
. whose child nodes appear as leaf in the phrasetsteutree.
4. Clustering i . . i
5. Updation of Database Step2:If a node NP has a single child node taggetban, it
is extracted as a term. Step3:If a node NP has thareone
noun or adjective child nodes, then the string ateration
VI MODULE DESCRIPTIONS function is applied to club these child nodes, #mely are
6.1 preprocessing and parsing identified as a phrase.

In computer science, a preprocessor is a prograam tf6.2.2 Weight Matrix Calculation
processes its input data to produce output thatsesd as

input to another program. The output is said t@bmay be W(Pi,j)=tf(Pi,j)*idf(Pi) (1)

promoted as being general purpose, meaning thatribt

aimed at a specific usage or programming language,is : Idf(Pi)= log (D)) )

intended to be used for a wide variety of text pssing [{dj:Pi €dj}|

tasks.The Major Tasks in Data Preprocessing area Dalhere ti: ith term, Pj: jth phrase,tf :termduency ,idf:
cleaning,Data integration,Data transformation,Dativerse document frequency,tf(pi,j) :Number of tanei
reduction,Datadiscretization,Providewell- occurs in jth document,|D|:Total number of docotsen

accepted,multidimensional
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the corpus,|{dj : pi € dj}| :Number of documents where

Table 6.2.2 A partial list of terms, phrases and téi

ISSN: 2319-9598, Volume-3 Issue-1, December 2014

Pi appears

r normalized weights extracted from a PubMed

Abstracts on “Alzheimer disease”.

Term (f) Weight w(t) Phrase (p) Weight w(t)
Protein 0.45 Alzheimer disease 1.00
Patients 0.66 AD Patients 0.88
Dementia 0.62 Cognitive impairment 0.83
Impairment 0.35 Precursor protem 0.75
Disease 0.59 Risk factors 0.56
Brain 0.51 Vascular dementia 0.52
Treatment 0.33 Cell death 0.48

6.2.3 Concept-based Extractor Algorithm

The concept extractor algorithm describes the gm®f
combining the weightstat(computed by the conceysehd
statistical analyzer) and the weightCOG(computedthsy
COG representation) into one new combined weighéda
weightcomb. The concept extractor selects the toepts

Singular value decomposition (SVD) can be lookeét@n
three mutually compatible points of view. On thesdrand,
we can see it as a method for transforming coedlat
variables into a set of uncorrelated ones thaebetxpose
the various relationships among the original degms. At
the same time, SVD is a method for identifying andering
the dimensions along which data points exhibit thest

that have the maximum weightcombvalue. The proposemriation. This ties in to the third way of viewirgVD,

weightcombis calculated by: weightcombi= weighistat
weightCOGi, The procedure begins with processintew

which is that once we have identified where the tmos
variation is, it's possible to find the best appmation of

document (at line 1) which has well defined sentendhe original data points using fewer dimensions.

boundaries. Each sentence is semantically lab&learding
to . For each labeled sentence (in the for loofinat 3),
concepts of the verb argument structures whichessgnt the
semantic structures of the sentence are extrasteonistruct
the COG representation (at line 4). The conceptsliis
sorted escendingly based on the weightcombvaliis.

6.2.4 Root verb extraction

For extracting the root verbs, the phrase strucige need
to be traversed for analysing the left entity, tightity and
their linguistic dependencies.The important task thé

relation miner is to identify the correct root vatong with

the correct pair of terms and phrases within whith

maximum weighted concepts are chosen as top canceptcurs.The objective in this step is to generdte possible

from the concepts list L. (at line 15 and 16) Tlmaeept
extractor algorithm is capable of extracting the t@ncepts
in a document (d) in O(m) time, where m is the nambf

concepts.

6.2.3 Feasibility analysis using SVD

It boost the precision of key terms and phraseaetitin

process.Each document d is represented as a feattie,

where m is the number of terms, and wti is théghteof

term.

To generate ,term-by-document’ matrix (A) by comipgs
feature vectors of all the documents in the corpusvector
represents the terms like ,.disease”, ,,Alzheimeréic.
Column vector represents the documents, D1, ...

31

roots of a given derived Arabic word. Thaalgsis
takes place in two stages: a. Segmenting threl:vihe
system begins by determining all possible segmientaiof
the word.

6.3 CONCEPT REPRESENTATION

6.3.1 Add Synonym Dictionary

It is a dictionary which contains all possible sgpms of
wors in the querry string.It can be used to serach
semantically the queries based on the synonyms also

6.3.2 Semantic Net

Itis a Directed graph used for knowledge
representation.The Concept can be expressed fortneof
a Triplet
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<subject, verb, object>.Node represents Entitkesbject,

Obiject), linkRelation (Verb).

Fig 6.3.2 A semantic net representation

For preserving the sentence meaning the
property of semantic net has been utilized.The sitive
property (If AUB and BIC, then AIC) is used for
making connection between the related sentennesorne
sentences subject or noun phrases can be expressep
the keywords like it, this, that, etc. In theseesathe subject
of the previous sentence is taken, for making cotmes
between adjacent or related sentences.

6.4 CLUSTERING

The documents are clusterd according to the cosgept
hierarchial agglomerative clustering is performed.

6.4 UPDATION OF DATABASE

Semantic searching results a very efficient retliev
characteristics.So the devised knowlegde can ket tose
update the database.

inheritance

VII. PERFORMANCE MEASURES

True Positive (TP): Number of correct componerits t
system identifies as correct
False Positive (FP): Number of incorrect componehts
system falsely identifies as correct False NegatiffeN):
Number of correct components the system fails mtidly
as correct Precision (P): The ratio of true posg&iamong
all retrieved instances

P=tp/(tp+fp)
Recall (R): The ratio of true positives among alipive
instances
‘R=tp(tp+fn)
F-measure (F): The harmonic mean of recall andigicec
F=2pr/(p+r)
7.1.Precision Graph
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The graph above shows the precision values of docemts on the basis of terms, phrases and verbs.
7.2 Performance comparison graph between SVD and FIDF
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From the performance comparison graph, it can be iferred that SVD performs efficiently when comparedto
TF-IDF.

7.3Performance comparison graph of Concept based rdel
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Graph shows that concept based model performs effantly when compared to term based model.
the doctors in analyzing information about certdisease
VIIL. CONCLUSION and treatment in order to make decision about patie

The concept based mining model preserves the smarﬁ“on'to””g ar!d treat_ment. This concept r_’mned doaume
an be used in medical health care domain wherectod

structure of the sentences with low error rate. The | . kinds of treat t that iben t
Inheritance property of the Semantic net providejoma can analyze various kinds ot tfreatment that cagi 0

contribution for preserving semantics.Our model igatlent with particular medical disorder. Thectio can

compared with term based model(Vector Space Mode pdate the knowledge related to particulsesse or its

results shows that the precision and recall vabiencept eatmeﬂtfmethodotlp 93{ or dt_he detan_l:t;hof(;ne(tjmwai_ th_e n
mining model are higher as compared to the termadas’ oo arcn Tor a particuiar disease. 1he doctor cam igea

techniques. At the same time, accuracy and relgvasic about particular medicine that are effective fomsgpatient

high. Experimental result shows that the technigsed in but d_ca?sgs Sd'de _T_]:eCt t,:.) riatlent \lN'th S(m:ﬁ. ad::go
the proposed work minimizes the time and the wo#ddlof medical disorder. The patient can aiso use tnisae
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document to get clear understanding about a péaticu
disease its symptoms, side effects, its medicinés,
treatment methodologies.

IX. FUTURE ENHANCEMENT

In the future, such model can be further extendeidiclude
the non-segmented text documents. It can

also be extended to categorize the images, audivideo -
related data.
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