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Semantic enhancement is the process of associating the
semantic tag information in terms of relationships, concepts,
properties, and events in ontology.

Abstract: With the rapid improvement in the field of social
networks, a huge amount of small size texts are generated within
a fraction of a second. Understanding and categorizing these
texts for effective query processing is considered as one of the
vital defy in the field of Natural Language Processing. The
objective is to retrieve only relevant documents by categorizing
the short texts. In the proposed method, terms are categorized by
means of Latent Semantic Analysis (LSA). Our novel method
focuses on applying the semantic enrichment for term
categorization with the target of augmenting the unstructured
data items for achieving faster and intelligent query processing in
the big data environment. Therefore, retrieval of documents can
be made effective with the flexibility of query term mapping.

With the explosion of these services and other
communities, millions of short texts are generated within a
fraction of a second. These texts include short messages and
comments. As they are generated from web applications, it
may contain information that are not useful and does not
have any value. To compute similarity between these texts
is quiet difficult. The major challenging task is to
understand and categorize these short texts. Several
reviews and surveys concluded that the existing
taxonomies require knowledge which is to be well
defined so that classification can be performed [3].
The semantic information extraction plays an
essential role in pinpointing the contextual information
of the large-scale databases, which facilitates and enables
the analysis of the unstructured data. Our contribution
includes
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I. INTRODUCTION

T

his is an International reputed journal that published
research articles globally. All accepted papers should be
formatted as per Journal Template. Be sure that Each author
Semantic network is a network which signifies the
semantic relation between concepts. Semantic relationship
between terms is being used to search and retrieve web
documents within the network. The terms are said to be
conceptually similar if they are close in meaning. These
terms can be either single words or multi-words. For
instance, “Ford” and “Mercedes” are similar as they
belong to car companies whereas “Trekking “and
“Mountains” are closely related but not similar [7].
Search engines play a vital role in semantic network in
order to retrieve the relevant documents based on the query
of the user. Social networks
services
(Facebook,
Twitter) and online research communities are being
benefited with the advancement of semantic web.
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 Latent Semantic Analysis which captures only true
relation between
the
documents using
Singular Value Decomposition (SVD) by
computing the similarity among the terms
 This approach provides flexibility as terms and
documents are mapped onto the same
K-dimensional space and reduce feature
distribution and noise using SVD.
 This proposed system also calculates similarity
between terms for better text categorization.
Natural language query processing is the most challenging
processes. Hence an effective query processing is essential
to retrieve the results from the large-scale databases. Big
data analytics and query processing techniques require that
the users have the knowledge about underlying data
schema. The techniques lack in exploring high
semantic expressiveness of core and domain ontology and
identifying the hidden relationship in the big data. Also, the
query processing methods depend on the inference engine
to increase the query performance, which is inconvenient
for structured query language. Hence, the proposed system
focuses on both the top level and the domain ontology with
rich set of topics and its associated conceptual relations.
Moreover, it targets for effectively processing the complex
queries in a cost effective manner by formulating a natural
language user query into the
structured
Resource
Description Framework.
It
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enables the user to produce their queries in a smart way.
Our novel approach focuses on applying the semantic
enrichment on the big data sources with the target of
augmenting the unstructured data items and achieving
faster and intelligent query processing in the big data
environment
II.

the similarity measure between terms is calculated that
helps in query suggestion or replacement of one query with
the most appropriate query.
Narayanan et al., 2013[6], has introduced EDA
(Enhanced Distributed
Algorithm)
for
document
clustering using other similarity measures such as cosine
similarity, Jaccard and Pearson coefficient. The
performance of EDA is evaluated using similar
performance factors to determine the accurateness and
clustering quality. With the help of Distributional Term
Representations (DTRs) by Cabrera et al., 2013[2],
categorization is performed for short texts. It represents
term based on contextual data, as statistics on document
occurrence and term co-occurrences provided.

RELATED WORK

Several researches are being done in the field of
semantic network to compute similarity. Search engines
play a imperative role in retrieval of relevant documents
based on the query. To measure the conceptual relationship
among query terms in is-A relationship is based on the
information content proposed by Resnik [10].
An important movement in Text Mining is the grouping
of texts, i.e. texts of the same or similar content in a group,
i.e. to discern texts of different content. Yaxiong Li et al.,
2010[15], proposed a model named as domain ontology
and builds a very new conceptual space vector model in
the preprocessing stage of Text Clustering by replacing the
original matrix in the latent semantic analysis with concept
- text matrix. In this clustering technique, document
representation takes into description the semantic
similarity, which partially overcome the difficulties in
accuracy and effectively evaluates the degree of similarity
between the text based on the frequency of words or phrases
in the text.
A system for competent unsupervised example for
population count proposed by Theerayut Thongkrau et
al., 2010[12], the new instances are classified according
to their equivalent lexical ontology concept. In relation to
the processing time, it must not use many of the concepts in
the lexical ontology to search. It needs to manage unlimited
number of ontological concepts in each domain. This
system employs a latent semantic analysis together with
the vote on the appropriate term of the instance to be found.
Karthick et al., 2014 [4], analyzed the effect of including
multi-word frequency on the hierarchical clustering of web
documents to determine its performance. It also analyze the
outcome of combining link and content based
representation
of
web
documents
and
their
interrelationship.

Wang et al., 2012[14], presented a Framework for
improving Web search experience through the use of a
probabilistic knowledge base. This framework categorizes
web queries in various patterns according to the concepts as
well as entities in addition to the keywords present in these
queries. Further the queries are answered by the
interpretation of the questions with the help of the
knowledge base. Selvi K et al [20] propose an
pragmatic method to find semantic similarity by means
of artificial neural network by combining the different
lexical patterns that extracts the semantic relation between
two words accurately.
To compute semantic similarity between terms based on
synsets a new method is proposed by Mamta Kathuria et al.,
2016[5], in which synsets are derived using online resources.
The advantage of the proposed work is that, the semantic
similarity between terms is calculated that helps in query
suggestion or replacement of one query with the most
appropriate query.

Traditional SVM algorithm classifies tested samples in
error in the neighborhood of the optimal hyper surface.
Therefore, a Hybrid based KSVM algorithm is proposed
by Zhang Su-zhi et al., 2011[17], for categorization by
computing the distance of the sample to the optimal hyper
surface f the SVM in the feature space, and selects
different algorithms for different distances. Categorization
of short text is done at last.
A frequent term based text clustering approach
using novel similarity measure is presented by Reddy et al.,
2014[9], introduced a measure to determine the common
features between two text files which is used as a similarity
measure.
Qiuxing Chen et al., 2016 [8], proposed an enhanced
short text classification method based on Latent Dirichlet
Allocation topic model and K-Nearest Neighbor algorithm.
The generated probabilistic topics help them make the texts
more semantic-focused to reduce the sparseness.
To calculate the similarity between terms based on
synsets, a new method is proposed by Mamta Kathuria et
al., 2016[5], in which synsets are derived using online
resources. The advantage of the proposed work is that,
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Multi-Intelligence Data Integration Services (MIDIS)
is a data integration approach that exploits Domain
ontology’s to annotate the big data. The Domain
Ontology’s contains a group of concepts connected to a
specific domain; therefore, it does not effectively
represent the semantic relation in the big data from
heterogeneous sources [22].
The integration of the linked data leads the feasible
large data analysis in supply chain management. It presents
a fascinating potential external source for integrating big
data using Linked data, but they mainly concentrate on
the logistics domain for supply chain management
[23]. An integrated method [24] combines structured,
semi-structured, and unstructured data using the
semantic wiki. The semantic wiki maintains rich graph
and stores the metadata as RDF triples based on the
combination of the data in a relational database. Linking
and Processing Tool for Unstructured and Structured
information (LIPTUS) [25] apply the keyword based
search on associating the unstructured data with the
structured data in the banking environment. To obtain the
business intelligence [26], the system consolidates the
ordered and unordered data
based on the Online Analytical
Processing (OLAP).
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Ic = (w1’ , …wk’)

II. METHODS AND MATERIALS
A.

If the pair of terms given is an entity pair, then concept
vector for the terms is generated and similarity between
these vectors is found using the below equation.

Context Similarity

We use cosine similarity function F() to check
whether two contexts are similar where Tt1 and Tt2 are two
contexts.
sim(Tt1 , Tt2) = F (Tt1 , Tt2)
B. Type checking

Ie = (w1, …wk)

(3)

If the pair of terms given is a concept-entity pair,
then top-K concepts of the entity term are collected
from isA relationship as Contexts. For each context,
similarity measure between the context and term is
calculated until current iteration depth is not greater than
Max- D. Finally the maximum similarity among them is
returned.

(1)

For a given pair of terms, it is necessary to identify the
type and then further processing is done. As we use LSA
based SVD, it captures only the accurate relationship
among the documents as well as the terms in the semantic
network so it is easy to identify the type.
In [7] the approach uses is-A relationship to compute the
similarity between terms. For the given pair of terms, first
perform type checking so that the terms are categorized as
concept, entity and concept-entity. These are then
converted into respective vectors based on conditional
probability in is-A semantic network. But it does not
specify how to categorize short texts.

IV.

PROPOSED METHOD

From the short texts, meaningful terms are captured
and applied in the proposed algorithm ignoring the stop
words. In general, stop words are the most common
occurring words in a language. Therefore, the inputs to the
algorithm are considered as term pairs to compute
similarity.

Algorithm 1: Similarity Score
Input: (t1, t2): pair of terms;
𝞒isA: the semantic network of isA relationship;
𝞒ssyn: the synset data set
in 𝞒is A; maxD:
maximum iteration depth;
Output: a similarity score
(t1, t2);

In this proposed system, the usage of is-A
relationship is compensated by SVD performed on the
computed weights. It also overcomes the limitation of [7].
Type checking is done to find whether the given term is a
concept or entity or concept-entity pair.

1. if t1andt2belong to the same synset by𝞒ssyn then
2. Let sim(t1, t2) ← 1 and return sim(t1, t2);
3. end if
4. Judge the type for each term;
5. if t1,t2is a concept pair then
6. Generate the entity vector Icti (i∈ {1, 2}) of ti as defined
in (2) using 𝞒isA;
7. return sim(Ict1,Ict2 ) as defined in (4);
8. end if
9. if t1,t2is an entity pair then
10. Generate the concept vector Ieti (i∈ {1, 2}) of ti as
defined in (3) using 𝞒isA;
11. return sim(Iet1,Iet2 ) as defined in (1);
12. end if
13. if t1,t2is a concept-entity pair then
14. Collect topK concepts of the entity term ti from 𝞒isA
as the context Cti (i∈ {1, 2});
15. For each cx in Cti (cx≠tj,i≠j,1 ≤ x ≤ topk) do
16. simcx ← get the similarity between cxand
tjbyrepeating this algorithm iteratively if the current
iteration depth is no more than maxD;
17. end for
18. return maxcx∈Cti{simcx};
19. end if
Short text categorization is performed using the
similarity score. Algorithm 1 shows that a pair of terms (t1,
t2) from synset data set is given as input. If the terms
belong to the same synset, then the similarity is equal to
1. Type checking is done to find the type for each term. If
the pair of terms given is a concept pair, then entity vector
for the terms are generated and similarity between these
vectors is found using equation(2).
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(2)

For each type, LSA analyzes the association between
set of documents and terms. Based on the frequency of the
occurrence of the terms, a matrix is constructed. To reduce
the complexity of the matrix generated and make it a
non-zero matrix, SVD is applied. Vectors of the terms are
computed by taking any two rows of the matrix. To compute
weight aij, we use local and global weights of the term in the
document.
aij=LWij×GWij
where LWij is the local weight of the term i in the document j
(i.e.) how many times each term appears and GWij is the
global weight of the term I in the document j (i.e)how many
times each term appears in entire dataset. LSA makes use of
SVD of Amn= [aij]mxn matrix to capture only meaningful
relationship between the documents and it is the product of
three matrices.
𝜎 ⋯ 0
A= 𝑟𝑖=1 𝑢 i𝜎ivi= [u1...ur] ⋮ ⋱ ⋮
0 ⋯ 𝜎
where u and v are the matrices of the left and right singular
vector and 𝜎is the diagonal matrix of the singular values.
According to SVD, reduced space form Uk k VkTis similar to
the original vectors. Then their similarity can be calculated
using (1). It is given by,
A =Ur ∑ rVrT Uk∑ k VkT
Algorithm 2 : Proposed Algorithm
Input: (t1, t2) a pair of terms;
Kcluster: cluster of all concepts
using K-means maxD: the
maximum iteration depth;
Output: a similarity score;
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1. Perform type checking for each term;
2. if (t1,t2) is a concept pair then
3.
Generate concept vector for the terms using LSA;
4.
return similarity of concepts using(1)
5. end if
6. if (t1,t2) is an entity pair then
7.
Generate entity vector for the terms using LSA
8.
e1<-returns similarity using (1)
9.
Find clusters of context for the terms from
Kcluster;
10.
e2<-returns similarity using(1)
11.
return max(e1, e2);
12. end if
13. if (t1,t2) is a concept-entity pair then
14. Collect top K concepts of the entity term as
contexts and find clusters from Kcluster;
15. for each concept cx in topK(cx≠tj,i≠j,1≤ x≤topK)
do
16. sim (cx)<-perform similarity between cx and tj
by iterating the algorithm until maxD;
17. end for
18. return max(sim (cx));
19. end if
parameter max D is specified for iterating the algorithm.
Its value ranges from 1 to 20. The algorithm stops iterating
when the current iteration depth is not greater than maxD.
At the end of this approach, similarity scores are obtained
for each term and then clustered using K means algorithm.
With this approach, search engines can effectively retrieve
documents based on the terms.
Word1/ television/radio television/radio media /
radio Word2
V. RESULTS AND DISCUSSION
Results from our experiment indicate that similarity
measures can be
utilized
to
determine
the
parameters for clustering and classifications. Our
method has been tested in few popular search engines and
found giving better results as given below in Figure 5.1.

WordSim353. Evaluation on training data set generated for
2 iterations is shown below in Figure 5.2
Several studies indicate that the human scores consistently
have very high correlations reaching 0.9632and syntactic
context perform best on WordSim353. Note that the
confidence intervals are quite large in WordSim353 and
few of the pair wise differences are statistically
A =Ur ∑rVrT≈Uk∑ kVk )T (5)
The features for the word pair was defined from the
word co- occurrence measures. The outputs are well
interpreted to identify whether the documents retrieved or
clustered are relevant to the words or not. Experimental
output
showed
that
our proposed
technique
outperforms the human ratings with limited number of
Clusters and the time taken to build, was only 0.08 seconds
at the testing stage as shown in Table 5.3
significant.
Model and evaluation on training set
======================================
K Means
Number of iterations: 2
Within cluster sum of squared errors:
23.150937685414707
Missing values globally replaced with mean/mode
Cluster centroids:
Cluster#
Attribute
Full Data
0
1
(24)
(16)
(8)
HR
6.7208
6.0963
7.97
PM
6.9788
6.3481
8.24
Figure 5.2 Evaluation on training data
The proposed method can be applied
for any context where taxonomies are not required for
query processing of text. Table 5.1 summarizes the error
rates for 353 classified instances for the given data. The
genetic algorithm, linear regression yields an average value
of 0.58 approximately with the absolute error rate of 40 %.
Average Target Value : 0.5758305038549534
Inverted Covariance Matrix:
Lowest Value = -0.34971644612476366
Highest Value = 0.6502835538752364
Inverted Covariance Matrix *
Target-value Vector: Lowest Value =
-0.2588713208324032
Highest Value = 0.27371229405845615
Time taken to build model: 0.66 seconds
Scheme: weka.Classifiers.functions.LinearRegression
Correlation co-efficient
0.9632
Mean absolute error
0.6996
Root mean squared error
0.87
Relative absolute error
39.0574% Root relative squared
error
40.0484%
Coverage of cases (0.95 level) 100%
Total Number of Instances
353

K (“Biocon CEO”,“KiranMuzmdar Shaw”)
=0.826
K (“Apple CEO”,“Tim Cook”)
=0.855
K (“OracleFounder”,“Larry Ellison”)
=0.781
K (“Yahoo Founder”,“Jerry Yang”
=0.695
K(“FacebookFounder”,“Mark Zuckmber”)=0.099
Figure 5.1 Test Results from five search engines
Also, the function is more effective in giving low
scores to pairs, which vary semantically.At the end of the
training process, the matrices store final weight values
for mapping inputs and outputs. During the testing
process, final weights are used for processing with the
vectors corresponding to word pair. In another method,
final weights are obtained from the pattern itself without
any initialization of the weight matrices.
It is aimed to improve the performance of text
document clustering on application of Linear Regression
Algorithm, which reduces the error rate by 0.8 %.
K-Means Clustering algorithm is used for grouping similar
documents.The data used in our experiment is
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Table 5.1 Error rates with Correlation Co-efficient
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50% percentage split on supplied training set classifies
into Cluster 0 and Cluster 1 as given in Table 5.2 Clusters
generated

Clustering could be improved by new
descriptors of the Lexicon. Areas of future work
include enhancements to the segmentation algorithm
that could improve accuracy and execution time. System
can be hardly accelerated by new fitting algorithm. This
intelligent data integration method facilitates the query
processing by reducing the burden of searching process
rather than exploring the enormous data sources which is
one of the major challenge faced by popular search engine
such as Google. Also better results can be achieved by
increasing the number of keywords.

Class attribute: Word1 & Word2
Classes to Clusters:
cluster

0 1 <-- assigned to

1 0 | television radio

0 1 | tennis racket

1 0 | Arafat peace

0 1 | media radio

0 1 | Arafat terror

1 0 | drug abuse

1 0 | Arafat Jackson

1 0 | bread butter

0 1 | law lawyer
0 1 | admission ticket

1 0 | professor doctor
1 0 | student professor

0 1 | weather forecast
1 0 | disaster area

0 1 | football soccer
1 0 | football basketball

1 0 | governor office
1 0 | architecture century
ticket

1 0 | football tennis
01|

Table 5.2 Clusters generated
Test mode: 10-fold cross-validation
SimpleLogistic:
Class 0 : 1.68 + [a2] * -0.28 + [a3] * -0.53 +[a5] *
-1.73 + [a8] *
0.7
Class 1 : 1.68 + [a2] * 0.28 + [a3] * 0.53 +[a5] * 1.73 +
[a8] * 0.7
Time taken to build model: 0.08 seconds

Table 5.3 . Results obtained for Simple Logistic
classification
VI. CONCLUSION AND FUTURE
ENHANCEMENTS
This paper focuses on Latent Semantic Analysis for
categorization of short texts. We use Latent Semantic
Analysis based SVD technique which makes
the
classification efficient. This method performs efficient
clustering of short texts and can be applied on large scale
data set. Also it improves flexibility to map terms in the
semantic network. In our future work we will focus on how
to apply our approach in multi-label short text
classification. It is clear that adding some information about
the conceptual terms between the words could improve
the clustering performance. In order to deal with the
problem, we can integrate background knowledge into
the process of clustering text documents. We can use
background knowledge in document clustering by
integrating an explicit conceptual account of terms
found in WordNet.
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