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Location based Web Object Search using
Probabilistic Classification Model

Anjan Kumar K N, Chandrashekar B S

Abstract : The classical Web search engines focus on satisfying
the information need of the users by retrieving relevant Web
documents corresponding to the user query. The Web document
contains the information on different Web objects such as
authors, automobiles, political parties e.t.c. The user might be
accessing the Web document to procure information about a
specific Web object, the remaining information in the Web object
[2-6] becomes redundant specific to the user. If the size of Web
documents is significantly large and the user information
requirement is small fraction of the document, the user has to
invest effort in locating the required information inside the
document. It would be much more convenient if the user is
provided with only the required Web object information located
inside the Web documents. Web object search engines provide
Web search facility through vertical search on Web objects. In this
paper the main goal we considered is the objective information
present in different documents is extracted and integrated into an
object repository over which the Web object search facility is built.

Keywords: Web Object, Web Search Engine, Object Query,
Feature Selection.

I. INTRODUCTION

The Web search engines have been instrumental in providing
information from all over the globe to the user The central
theme of all Web search engines is to provide the relevant
information expected by the user.

The architecture of Web search engine is as shown in Fig 1.1.
The user query is give in to to the search engine interface,
which is then transformed by the query parser, to remove
ambiguity and perform stemming. This transformed query is
submitted to the backend engine, which utilizes Web
crawlers and indexes to obtain relevant documents. The
ranking component performs ranking of these relevant
documents by using scoring functions so that, the most user
relevant documents are provided.
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Fig 1.1 Web Search Engine Architecture

object query [3]. But, the documents of the result set might
contain additional information along with the required object
information. The user has to navigate these documents to find
his required information. Clearly, the information which is
not specific to the object query in any given document is
redundant to the user and also more suitable for the user, if
only essential information is delivered.

The first task before classifying documents is to perform
feature selection. The feature selection plays a pivotal role in
achieving high degree of classification accuracy. If poor
features are selected then, the classification accuracy might
be extremely low. Also, high dimensionality of text features,
and noise inside the documents, can reduce classification
accuracy [7]. There are broadly two methods to represent a
text document: in the first method, a document is represented
as a collection of words, in which the words are assumed to
be independent of each other, in the second method, the
document is considered as a collection of strings or sequence
of words. It is important to evaluate the classifying potential
of the selected features so that, the most influential features
can be selected.

The Gini index is one of the popular techniques to evaluate
feature potential. Let, p;(W) represent the conditional

probability of a document, which has word W, and it belongs
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to class L. The Equation 1.1, shows the condition that has to
be satisfied.

(1.1)

Zk: pi(w) =1
i=1

The Gini index G (W) for the word W is shown in Equation

i
1.2. The Gini index score is always between % and 1. A word

is said to have higher discriminative power, if it has higher
Gini index score.

K
Gw) = Z p; (w)® (1.2)
i=1

Another important metric to measure the feature potential is
Information Gain. The information gain [1] measure for word

w given by I{w}, is shown in Equation 1.3. Here, FP;
indicates the global probability for class I, and F{w)
indicates the fraction of documents, that contain word W.
Higher values of I'(w) indicates, greater discriminatory
[15] potential of word W,

K K
IHw) = —Z P log(P) + F(W}Z p;(w) log l:pz- (w}]
i=1 i=1

I
F1—Fw)) ) (1—piw) log (1 —p;(w))
i=1
(1.3)

The overall influence of word W is calculated through

average or maximum values of M; (W}, which are shown in
Equations 1.4 and 1.5.

Mavg [w) = ELI PEME [H‘) [1'4':}\

Mma.x[w) = max[Mz[w)] [15)

This classifier performs condition check on a set of attribute
values for the data vector. This condition check is performed
in a hierarchical manner such that, after reaching the end of
the decision tree, the data vector would be assigned to a
certain class. For performing document classification using
decision tree classifier [13], the attributes are assumed to be
certain words in the document.

The two important metric to design effective rules are:
support confidence and support. The confidence metric
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identifies the number of documents inside the training set,
which satisfy both the right hand side and left hand side of
any given rules. The support metric identifies the number of
documents inside the training set, which are relevant to the
rule.

The probabilistic classifiers [2] assign probability for each
class that a document might belong. The highest probability
class is assigned as the designated class for the document.
The naive Bayes classifier is one of the earliest probabilistic
classifier. It assumes independence among the terms of the
document. Two models are used to build this classifier:
multivariate Bernoulli model and multinomial model. These
models ignore the position of the words. In the first model,
the frequencies of the terms are ignored, and the presence and
absence of certain terms are used as features to represent the
documents. In the second model, the frequencies of terms are
utilized as features to represent the documents.

The user query is also modeled as a vector. The Bernoulli
model for the naive Bayes classifier is shown in Equation 1.6.

Here, 1 is the it class, Q is the bag of words for a given
document. The Equation 1.6 can be rewritten as Equation 1.7.
The value of P (1) is assigned as the fraction of documents

inside the repository, to class 1 ,

P(t; € T|i) is the fraction of documents in the

which  belongs

repository, which contain term tj, and belong to the class .
Here, T is the term index built for the whole document

repository.

[ = argmax P(i|Q) (1.6)

[ = argmax P(i)

HP{tj- e Thi) x H (1- Pl en)) (17

tjeg teQ

The support vector machine (SVM) is 2 class classifiers,
which attempt to provide maximum separation between the 2
classes. The Fig 3.1 illustrates the SVM technique. There are
3 different hyper planes which separate the 2 classes of
document vectors. The SVM technique, selects the hyper
plane A, because it provides the maximum separation
between the 2 classes.
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Fig 3.1 SVM Technique

Il. RELATEDWORK

A Web search engine been built, which collected documents
uniformly from different geographical locations [2-7]. So
that, the query results that can cover different geographical
locations can be provided to the user. But, this system did not
address the problem of automatically tagging geographical
locations to Web documents.

The Web document blocks were used to develop temporal
and spatial topic distribution Gao et al. (2006). Each Web
document block had a spatial label to refer the geographical
location affinity. The geographical locations of different
countries and state were utilized. But this work, only applies
to Web search engines.

The preliminary work on Web objects of geographical
labeling was performed. The Gaussian mixture model
(GMM) was utilized. Multiple reasons for utilizing GMM
are:

i. The relevance levels are a function of
geographic coordinates.

ii. The relevance level has multiple peaks.

iii. The relevance level continuously decreases,
when distance from peak increases.

iVv. The relevance level decrease is not
necessarily isotropic.

I1l.  PROBLEM STATEMENT

Let, (04, Oz, . ..., Oy ) represents a Web object set, here

each object assigned to appropriate location label. The name
of the location is appearing in the sequence of the subsequent
Web object which is utilized to generate the feature vector.

This feature vector is shown in Equation 3.1. In this, d;‘ is

analogous feature vector for the object @;, | is the most
number of location names considered for the labeling
process, P;(1 = [ = [} is a particular location name and

tf(p;) is the term frequency of p; in 0;. The quandary

addressed here is to label a appropriate location name to d;,

is corresponding to the real location identifier for dj-
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tf(p1)
tf(p2)

(3.1)

tf ()

IV. PROPOSED MODEL APPROACH

A. 4.1 Variation Implication Categorization Model

This categorization model uses the solidity function of the
data point which is shown in Equation 4.1. The working of
the solidity function is shown in Equations 4.2 and 4.3.

logP(d;) = L(g) + KL(q||P) (4.1)

F(x

t))>d"

d
KL(q||P) = Jq[x) Ing( [:xil ) )>d x(4.3)

L(g) = fqlfx} Iﬂg( (4.2)

The functional L [q} to be maximized w.r.t g () and the
functional value () that maximizes L (q) is considered

as the estimate for P(x |d;). It is denoted in Equation 4.4.
The estimation procedure assumes normal distribution for the
joint density of (x, d). This case is shown in Equation 4.5.

q(x) ~ P(x)| (44)
P(x, dj) = N(x,djm,f) (4.5)

Normal distribution function parameters shown in Equation
4.5 is predictable through maximizing the likelihood

function w.r.t lLand X . Equation 4.6 shows maximization
training set utilization procedure. The values [i and 5 are
considered as the estimated values of |1 and X

argmax log likeihood function =
W.E

T
log l_I N (x,d;|pX)
B. =1
The labeled data point which consists of highest probability
class label

(4.6)

C. 4.2 Model Selection

Model scores are utilized to
select the suitable model.
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Equation 4.1 is used for the most suitable model for
quantify and data point class labeling per formation. Here
divided training set into two exclusive subsets. In first
subset two models were used for training purpose. The
second subset pairs is utilized for r ordered, to calculate the
model score. The model m score, which indicates labeling
effectiveness of m to perform class labeling of data points is
indicated by model score(m). Lower model score of model
m gives improved accuracy to predict class labels of data
points. Here, x; indicates the class label for data point
predictor d; through the utilization of m, and x; indicates the
real class label. The accuracy function present in Equation
4.1 is shown in Equation 4.2.

T —
=1 acc“m"acy[:xj, _'){.'j)
mGdEIscarg{m] = r E4'1)

The metric Labeling Accuracy shown in Equation 4.3 is
used in the result investigation, some part of Web objects in
the test set that were exactly classified. Here, accurate
labeling foe metric is shown in Equation 4.4. Total labeling
performance time metric is shown in Equation 4.5. It shows
the total time taken by the labeling model to label all the test

set documents. In this labeling time(dj-) specifies the time
taken by the labeling model to label dj-.

Labeling Accuracy =
Edj_ ctest ser@ccurate_labeling (d;)

(4.3)

[test_set|
accurate_labeling [dj) =

{CI if d; is accu?"atelry classified (4.4)
1 otherwise

Total Labeling Time =

labeling_time(d;) (4.5)

D djetast_ sat

Here we create Web object repository by extracting the
relevant object information from different Web documents.

The below proposed algorithm outlines the geographical
labeling model, in which the training set holds n ordered
pairs. The function Split (Training Set) divides the training
set into two equally limited sub-sets indicated by Tiand T.
Here, T; and T, holds n — r and r ordered pairs

correspondingly. Where i Bayesian classification and
estimates the Variation Inference classification model

Suppose, S1T'€F g = SCOT &, the Bayesian classification

model is considered for labeling of web object performance
which is labeled as class x. The classification

distance( X, d}-) is used for calculating the distance of each

label through by considering the lowest classification
distance which will be the chosen location label of dj .

Retrieval Number: B10821292519/2019©BEIESP
DOI: 10.35940/ijitee.B1082.1292519

148 & Sciences Publication

Similarly, if SCOTeg << 5corey the Variation Inference
classification model is considered for labeling of web object
performance which is labeled as class x. The value §(x) is

calculated for each class, and the highest value for g {x) is
chosen as the location label of dl; .

Algorithm: - Geographical labeling of Web objects
Technique.

split{ Training set)

W = Bayesian_model (Ty)

§ = Vaoriation_model (T}
scoreg = model_score(B,T;)
score, = model_score(V.T;)
if scoreg = scorepthen

forx =1to | do

cd(x) = classificationdistance (x. d})
end for
class_label(d;) = mincd(x)
X
end if

if scorey = scoreg then
forx=1toldo
Pr(x) = §(x)
end for
class_label(d;) = max, Pr(x)

V. OBSERVATIONS AND RESULTS

The proposed probabilistic Web object labeling model (it will
be referred as label-new) is matched with current proposed
labeling model (it will be referred as label-old). Web objects
of size 1000 were considered for training and this is further
divided into two subsets. The web objects of size 500 called
T1 were used for training, ie label new and old. The web
objects of size 500 were called T2 used to select the
appropriate model for label-new. Objects of size 2000 were
used as test set in examining the old and new label
performance by considering 10 to 50. This metric produces
values between 0 to 1, where 0 indicates inaccurate and 1
indicates accurate Web objects classification. The result
analysis w.rt. DBLP and IMDB object repository is
presented.

The first trial examines the performance of label-old and used
by considering the maximum location names. The accuracy
of label is shown in Fig 5.1, and the values are shown in
Table 5.1.

The label-new provides best accuracy because of its
probabilistic design there is an variation in performance of
label-new. The result is obtained
w.r.t were analyzed w.r.t which
is based on all the test set feature
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vector model shown in Fig 5.2 and the values are shown in
Table 5.2. GMM is used to perform classification.

The second trial examines the training period for both
label-new and label-old by using the maximum number of
different locations training set. The experimental results are
shown in Fig 5.3, and values are shown in Table 5.3

Tahble 5.1 Accuracy vs No of Places ( DBLP )
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Fig 5.2 Ee Time vs No of Places (DBLP)

Table 5.3 Training Time vs No of Places { DELP )

} Labeling Labeling
No of
Accuracy Accuracy
Tuples
(label-old) (Label-new)
10 04 0.71
20 042 0.73
30 041 0.82
40 0.51 0.75
50 0.53 0.65
1.2 T T :
—@— old_label
1 B new_label i
0.8 =
0.6 - y

Labeling Accuracy

0.2}

0

0,4-J.

10

20 30

No of Places

Fig 5.1: Accuracy vs No of Places ( DBLP)

Table 5.2 Exe Time vs No of Places ( DELP )

Total Total
No of Labeling Labeling
Places Time(label- | Time(label-
old)(s) new)(s)
10 33 15
20 34 23
30 41 27
40 48 28
50 51 31
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Total Total
No of Training Training
Places | Time (label- | Time (lahel-
old) (s) new) (s)
10 43 14
20 44 17
30 46 18
40 51 20
40 51 20
100 :
_@— old_label
2 R0F —
=
:ﬁ 60 F’_'R,‘//AI
E 40t 1
=
=
E 20 - *
O ‘ | | |
10 20 30 40 50

No of Places

Fig 5.3 Training Time vs No of Places ( DBLP ) Noise
Rate (%)

The result investigation w.r.t. IMDB is shown in Fig 5.4, 5.5
and 5.6; similarly, the corresponding analysis tabulated
values are shown in Tables 5.4, 5.5 and 5.6.
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Table 5.4 Accuracy vs No of Places ( IMDB ) 200 o e
) new.label
: . g 150 -
) Labeling Laheling 5
Noof =
Pl Accuracy Accuracy e
aces =100 ¢
(label-ald) (label-new) E
=]
10 0.37 0.69 -
< ;/,0—4/_”/’1
20 0.41 0.72 ke !
30 0.43 0.73 ol ‘ ‘ ‘
10 20 30 40
:-ﬂ ﬂiig 0.75 No of Places
20 0.51 0.77 Fig 5.5 Exe Time vs No of Places ( IMDB )
1.9 Table 5.6 Training Time vs No of Places ( IMDB )
. T I
e cadavel Total Total
e Lr d No of Training Training
£ 08l | Places | Time (label- | Time ( label-
= ' old) (s) new) (s)
T 06 i 10 45 14
é /.//. 20 49 16
£ Vs ] 30 56 19
- | 40 59 23
’ 30 64 23
%10 20 30 40 50 100
No of Places — e
‘g’ 80 | 4
.Fig 5.4 Accuracy vs No of Places (IMDB) & 60 //.
oo
- . - E 40'7 ]
Table 5.5 Exe Time vs No of Places (IMDB ) =
E o0} ]
o
Total Total 0 ‘ | |
) ) ) 10 20 30 40 50
No of Labeling Labeling No of Places
. . Fig 5.6 Training Time vs No of Places ( IMDB
Places | Time (label- | Time (label- : : ( )
I]][l) (5} l.'lE'W} { 5} VI. CONCLUSION

m 3? 15 In this Work the importance of Web object search engine is

presented, and also importance of location based Web object
f}ﬂ 44 21 search is described, major techniques for achieving location
= based search and probabilistic classification model were
10 45 28 presented, The empirical results of all the proposed technique

were demonstrated over real world data sets, the proposed
40 48 32 techniques exhibit appreciable performance w.r.t. user
20 52 36

relevance and execution efficiency when compared with
contemporary model.
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