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Abstract

Effective query expansion terms selection methods are really very important for improving the accuracy and
efficiency of Pseudo-Relevance Feedback (PRF) based automatic query expansion techniques in information
retrieval system. These methods remove irrelevant and redundant terms from the top retrieved feedback documents
with respect to a user query. Individual terms selection methods have been widely investigated for improving its
performance. However, it is always a challenging task to find an individual expansion terms selection method that
would outperform other individual methods in most cases. In this paper, first we explore the possibility of
improving the overall performance using individual terms selection methods. Second, we propose a model for
combining multiple expansion terms selection methods by using a variety of ranks combining approaches. Third,
semantic filtering used to filter out semantically irrelevant terms obtained after combining multiple terms selection
methods. Fourth, the Genetic Algorithm used to make an optimal combination of query terms and candidate
expansion terms obtained by applying ranks combination and semantic filtering approach. Our experimental results
demonstrated that our proposed approaches achieved a significant improvement over each individual terms
selection methods and related state-of-the-arts approaches.

Keywords: Query expansion terms selection, information retrieval, semantic filtering, rank combination, score

combination, genetic algorithm.
1. Introduction

The term mismatch is one of the major problems in
Information Retrieval (IR) system. One of the most
feasible and successful technique to handle this problem
is  Automatic Query Expansion (AQE) that
automatically expand the original user query with some
additional terms/words that are related to user query in
some way. In order to consider the above problem, there
is a need for AQE techniques that can automatically
reformulate the original user query. In last some years,
it has been observed that the volume of data available
online has dramatically increased while the number of
query terms searched remained very less. According to
the authors in [1], the average query length was 2.30
words, the same reported ten years after in Singh et al.
[2]. While there has been a slight increase in the number

of long queries (of five or more words), the most
prevalent queries are still those of one, two, and three
words. In this situation, the need and the scope of AQE
have increased, but it has some problems.

The main problem of AQE is that it cannot work
efficiently due to the inherent sparseness of the user
query terms in the high dimensional corpus. Another
problem is that not all the terms of top retrieved
documents (feedback documents) are important for the
Query Expansion (QE). Some of the QE terms may be
redundant or irrelevant. Some may even misguide the
result, especially when there are more irrelevant QE
terms than relevant ones. QE selection aims to remove
redundant and irrelevant terms from the term pool (top
retrieved documents as feedback documents for
selecting user QE terms), and the selected QE terms set
should contain sufficient and reliable information about

Copyright © 2017, the Authors. Published by Atlantis Press.
This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).

34



ATLANTIS
PRESS

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 34-55

the original document. Thus, QE terms selection should
not only reduce the high dimensionality of the feedback
document corpus (term pool) but also provide a better
understanding of the documents, in order to improve the
AQE result. Feedback based different QE terms
selection methods have been widely used in AQE, and it
has been reported that QE terms selection methods can
improve the efficiency and accuracy of IR model.

Traditional QE terms selection methods for AQE are
either corpus statistics based or term association based,
depending on used algorithm in the IR model. Term
association based terms selection methods, such as
Mutual Information [3] and Co-occurrence Information
[2, 4] estimate the goodness of each term based on the
occurrence of terms in feedback documents (term pool).
Corpus statistics based query expansion term selection
methods, such as Chi-Square Statistic [5, 6], Binary
Independence Model [7] and Robertson Selection Value
[8] estimate the goodness of each term based on the
distribution of terms across the corpus and using the
query term information present in feedback documents.

Most of the study on QE terms selection focused on
the performance improvement of individual terms
selection methods. However, it remains as a challenge
to develop an individual terms selection method that
would outperform other methods in most cases.
Moreover, as multiple expansion terms selection
methods are available; it is natural to combine them for
better performance by taking advantage of their
individual strength. In the past, experiments of
combining multiple query terms selection methods have
been conducted, but no theoretical analysis has been
done. Combinations of two uncorrelated and high-
performing QE terms selection methods have been
tested [9]. After combining expansion terms from
different term selection methods, it became compulsory
to check the semantic meaning of selected expansion
terms with the user query for to avoid query drifting
problem. For this purpose, we use the concept of
semantic similarity with the help of WordNet.

Some work has been done for using the concept of
semantic similarity for IR and QE. The authors in [10]
proposed a QE technique using WordNet lexical chains,
hypernym/hyponymy and synonyms relations in
WordNet. Lexical chains are used as the basic
expansion rules and found that query expansion can
improve the query performance dramatically. In [11]
Liu, explained the use of WordNet lexical ontology for
both expanding query and selecting proper sense of
expansion terms and achieved reasonable performance
improvement. Even After applying semantic similarity
concept, there are a large set of expansion terms, but we
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need some selected combination of expansion terms,

now we apply genetic algorithm for finding optimal

combination of expansion terms and query terms. Some
work has been done by using a Genetic Algorithm for

IR and QE. Most of the work has been done to tune the

weights of query terms or matching functions.

Bhatnagar et al. in [12] used Genetic Algorithm for

improving the efficiency of matching function of an

information retrieval system. Araujo et al. [13] have
used a Genetic algorithm for query expansion based on
stemming and morphological variations. The authors in

[14] present a new method for query reweighting to deal

with document retrieval. The proposed method uses

Genetic Algorithms to reweight a user’s query vector,

based on the user’s relevance feedback, to improve the

performance of document retrieval systems.

In this research, we investigate a new approach of
ranks combination to combine multiple QE terms
selection methods. The ranks combination is a method
to analyze the combine multiple scoring systems. The
ranks combination has been applied to a variety of
domains such as IR, recommendation system, expert
system and many more. In this paper, we studied the use
of the ranks combination, semantic filtering based ranks
combination and score combination of four traditional
term selection methods: Chi-Square Statistic (CHI), Co-
occurrence  Information (Co-occurrence), Binary
Independence Model (BIM) and Robertson Selection
Value (RSV). After it we use semantic filtering to filter
irrelevant terms from term collection/pool and then
genetic algorithm used to optimize expansion terms
combination, finally some selected QE terms used to
reformulate original query. Our experimental results
with real data sets demonstrated that combining
multiple QE terms selection methods could improve the
performance of AQE in terms of Mean Average
Precision, Recall, and F-Measure.

The major contributions of this work are summarized
as follows:

(1) First, we present CHI, Co-occurrence, BIM and
RSV terms selection methods for pseudo-relevance
feedback based automatic query expansion, with
this, the experimental analysis of all these term
selection methods are presented.

(2) Second, we combine the ranked list of query
expansion terms suggested by different expansion
terms selection methods discussed in Step 1; here
we combine these ranks with the help of most
popular rank aggregation methods such as Borda,
Condorcet, Reciprocal, and Sumscore.

(3) Third, proposed semantic filtering approach used to
filter the irrelevant and redundant expansion terms
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with context to user query obtained from Step 2; we
used WordNet based semantic similarity modules
to find semantic similarity for this task.

(4) Fourth, we propose a genetic algorithm based
approach to get an optimal combination of
expansion terms obtained from Step 3 with user
query terms; with the help of this approach we
found a set of best performing query expansion
terms.

(5) Finally, we conduct a Pair r-test between our
proposed approaches and other’s model considered
as the baseline model.

The organization of this paper is as follows. Section

2 explaining about our proposed model and its

algorithm. In Section 3, we briefly introduce four

individual QE terms selection methods. Section 4

explains rank aggregation, semantic filtering, and

Genetic algorithm based approach. Section 5 presents

the experimental results of different QE terms selection

methods are compared and with each other, next in this
section our proposed approaches results are presented
and compared or analyzed with baseline approaches in
terms of the Precision, Recall and F-Measure on both
FIRE and TREC datasets. Finally, Section 6 presents
Conclusion and future research directions.

2. Proposed Rank Aggregation with Semantic
and Genetic Algorithm based AQE Model

In traditional PRF based QE methods, the candidate
terms for expanding the user query are selected from
initially retrieved set of documents. The main concepts
behind the PRF-based QE method are: proper selection
of a similarity measure for selecting an initial set of
documents and selecting appropriate criteria for

selecting expansion terms. We have used an efficient
Okapi-BM25 similarity measure for selecting an initial
set of retrieved documents, which is more efficient than
traditionally used Cosine similarity measure.

Figure 1 shows the architecture of our proposed
AQE retrieval model based on ranks combination,
semantic filtering, and Genetic algorithm schemes.

To construct the term pool, we first select a number
of top documents from initially retrieved documents for
the query using a matching function. In our work, we
used an Okapi-BM25 matching function to retrieve first
relevant documents. The Okapi-BM25 measure is given
by following Equation (1) [17]:

(ky + Dtf

Okapi(Q,D;) = Z K+if
teQND; (1)

(ks + Dqtf
ks + qtf

Where Q is the query that contains terms, #f is the
term frequency of term ¢ in document D; and ¢q¢f is the
term frequency in query Q. Next, k;, b and k; are
constant parameters, the value of parameter that we
used based on research paper explained [17], (k; = 1.2, b
=0.75, k;="1.0).

K= k,((1—b)+ (b.m) )
(N—-n+0.5) 3)

w=log—r =05

Where N is the total number of documents in the
whole corpus, and »n is a number of documents
containing the term ¢. Parameters dl and avdl are
document length and average document length.
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Fig. 1. The diagram of proposed rank aggregation, semantic filtering, and genetic algorithm based AQE model

36



ATLANTIS
PRESS

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 34-55

Once the top relevant document retrieved with the
help of Okapi-BM25 method discussed in this section.
All the unique terms of top N documents are selected to
form term pool or candidate expansion term set/pool.
Further, we use Co-occurrence approach, in which
words present around the query term in top feedback
documents are used to select as expansion terms; we
call it Context Co-occurrence Based Query Expansion
(CBQE). Further, Chi-square method used to score
terms of term pool and some high scored terms used as
query expansion terms; this is called Chi-square Based
Query Expansion (CHIBQE). Next, the concepts behind
the Binary Independent Model (BIM) and Robertson
Selection Value (RSV) used to score the term pool
terms and high scored terms used for expanding the user
original query; that is called Binary Independent Model
Based Query Expansion (BIMBQE) and Robertson
Selection Value Based Query Expansion (RSVBQE).

Further, ranks combining methods named Borda,
Condorcet, Reciprocal, and SumScore used to combine
multiple terms ranks obtained from Co-occurrence,
CHI, BIM and RSV methods. Some top ranked or
scored terms selected as expansion terms to reformulate
the original query; that is called Borda Based Query
Expansion (BBQE), Condorcet Based Query Expansion
(CNBQE), Reciprocal Based Query Expansion (RBQE)
and SumScore Based Query Expansion (SSBQE)
respectively.

After ranks combining methods, the concept of
semantic similarity used to filter semantically irrelevant
terms obtained from BBQE, CNBQE, RBQE and
SSBQE for query reformulation or expansion, these
methods are called Borda and Semantic Based Query
Expansion (BSBQE), Condorcet and Semantic Based
Query Expansion (CNSBQE), Reciprocal and Semantic
Based Query Expansion (RSBQE) and SumScore and
Semantic Based Query Expansion (SSSBQE)
respectively.

Now, Genetic algorithm used to find optimal
combination of good candidate terms obtained from
BSBQE, CNSBQE, RSBQE and SSSBQE for query
reformulation or expansion, these methods called Borda
and Semantic Genetic Based Query Expansion
(BSGBQE), Condorcet and Semantic Genetic based
Query Expansion (CNSGBQE), Reciprocal and
Semantic Genetic Based Query Expansion (RSGBQE)
and SumScore and Semantic Genetic Based Query
Expansion (SSSGBQE) respectively. Finally,
reformulated query with reweighted expansion terms
submitted to the searching engine, a list of ranked
document retrieved as a final result.
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2.1. Algorithmic Steps of Proposed Model

During the implementation of proposed model, used
algorithmic steps are defined in Figure 2:

1. Apply Okapi-BM25 similarity function for retrieving
ranked the relevant document with respect to a user
query.

2. All the unique terms of top N retrieved documents
obtained from Step 1 are selected to form term pool.

3. The different method used to score the unique terms of
term pool to form candidate terms; these are listed
below.

i.  Calculate CHI score.

ii. Calculate Co-occurrence score.

iii. Calculate BIM score.

iv. Calculate RSV score.
Top scored candidate terms obtained from Substeps i
to iv of Step 3 used to expand the user query and
called CHIBQE, CBQE BIMBQE and RSVBQE
respectively.

4. Apply different rank combination methods to combine
candidate term ranks obtained from Sub-steps i to vi
of Step 3.

4a. Combination using candidate term ranks position.
i.  Borda rank combination.
ii. Condorcet rank combination.
iii. Reciprocal rank combination.
4b. Combining using candidate term similarity score.
i.  Sum score combination.
Some top scored candidate terms obtained from
Substeps i to iii of Step 4a, and from Substep i of Step
4b, selected to expand the user query and called
BBQE, CNBQE, RBQE, and SSBQE respectively.

5. Apply semantic filtering approach to filter non-
relevant candidate terms obtained from BBQE,
CBQE, RBQE and SSBQE methods. After applying
semantic filtering, these methods called BSBQE,
CNSBQE, RSBQE, and SSSBQE respectively. Some
top score candidate terms obtained after semantic
filtering used to expand the user query.

6. Apply genetic approach to make an optimal
combination of query terms with candidate terms
obtained from BSBQE, CSBQE, RSBQE and
SSSBQE. These approaches are called BSGBQE,
CNSGBQE, RSGBQE, and SSSGBQE respectively.

Fig. 2. Algorithmic steps for proposed AQE model

3. Query Expanding Terms Selection Methods

3.1. Chi-square based Query Expansion

The Chi-square (x°) statistics (CHI) method can be used
to measure the level of association between a term and a
specific category. This measure is calculated with the
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help of making a comparison between the observed Co-
occurrence frequency and the expected Co-occurrence
frequency when both of them assumed independent [5].
Two hypotheses are considered for calculating the Chi-
square term category dependency test; these two
hypotheses are called null hypothesis and alternative
hypothesis. According to the null hypothesis, the two
variables term and category are independent of each
other. But, according to alternative hypothesis there is
some dependency between the two variables. The null
hypothesis tested by making comparisons between the
observed frequencies and the expected frequencies and
calculated with the assumption that the null hypothesis
is true [6].

The observed frequency O(¢, R) presents the number
of documents (R) that contain a term ¢ and the expected
frequency E(¢, NR) present the number of document that
contain a term ¢ in a category NR. Where R is the set of
relevant documents (related to the query) and NR is the
set of non-relevant documents (non-related to the
query).

The Chi-Square (x°) statistical method can be defined
as by Equation (4):

_ (0@t,R) —E(t,NR))’

- 4
Xie E(t,NR) ®

The Equation (4) defined as following with the help
of probability interpretation:

, _ (P(t/R) = P(t/NR))?

te P(t/NR) ®)

The probabilities used in Equation (5), P(#/R) and
P(#/NR) are calculated by counting the number of
occurrences of term ¢ in relevant and non-relevant
document set respectively. Terms of top feedback
document or term pool are ranked based on the Chi-
square score of candidate terms in the corpus. Finally,
some high scored candidate terms used for expanding
the user query. This type of query expansion is called
CHI Based Query Expansion (CHIBQE).

3.2. Co-occurrence based Query Expansion

The most feasible method for selecting the query
expansion terms is to initially score the terms on the
basis of their Co-occurrence with original user query
terms. The concept of term Co-occurrence has been
used since the 90’s for identifying some kind of
relationship among terms in the document set.
According to Rijsbergen [2], the idea of using Co-
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occurrence statistics is to find the relationship between
document corpus and the query terms, and the author
used this idea to expand the original user queries.

We can use co(t;, t) to quantify the strength of Co-
occurrence based association between two terms.
Following are some well-known Co-occurrence
coefficient methods, here co(t, t,) can be given by one
of the following Equations:

C,:]'

d(t,tj) = ————

Jaccar ( i 1) — (6)

2Ci'
dice(t; t;) = —y_ 7
() = o35G (7

Cosi Gy
osme(ti,tj) = — (8)

CiC]'

Where c¢; and ¢; are the numbers of documents that
contain terms # and ¢ respectively, and C; is the
document numbers that contain both the terms ¢ and ¢
together.

We can use these Co-occurrence coefficient values to
find the value of similarity between user query terms g;
and the candidate expansion term c. But there is a
problem of query drifting by adding these high similar
terms with the user query terms. For handling, this kind
of problem one can use the concept of inverse document
frequency. With the help of candidate term inverse
document frequency value and normalization Co-
occurrence coefficient value with user query terms, the
Co-degree coefficient of the candidate term is obtained,
explained in Equation (9):

COdegree(qic) = logyo (co(g;,c) + 1)

idf (c)
’ (l"glo (D)> )

idf (c) = log1o(N/Nc) (10)

Where N is the number of documents in the corpus,
D is the number of top ranked retrieved documents
considered, ¢; is the i query term, and c is the candidate
expansion term, N, is the number of documents in the
corpus that contain term c¢. And co(g;, ¢) is the number
of Co-occurrences between g; and ¢ in the top ranked
documents, i.e., Jaccard(q;, c).
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Above Equation (9) can be used for finding the
similarity of a term ¢ with individual query term ¢;. To
obtain a value measuring how well ¢ is for the whole
query Q, there is a need to combine its co-degree with
all individual original query terms present in the query.
So we use Equation (11):

Co — occurrencegy41(Q, ©)

= (Codegree(qi.C))
diinQ

(In

Finally, the Equation (11) used to find the Co-
occurrence coefficient score of candidate expansion
terms. This type of query expansion is called: Co-
occurrence Based Query Expansion (CBQE).

3.3. Binary Independence Model based Query
Expansion

The Binary Independence Model (BIM) is a
probabilistic IR technique that makes some simple
assumptions to make the estimation of document/query
similarity probability [7]. The binary independence
assumption assumes the term # of a document D is
statistically independent in both relevant (R) and non-
relevant class (VR). In the case of text retrieval, the
document attributes are the terms in the documents. In
the traditional model, the value of a document attribute
is either 1, meaning the term is present in the document,
or 0, the term is absent. Symbolically, the binary
independence assumption is given by Equation (12) [7]:

P(t;/R)

P(t;/NR) (12)

l
OR|T) = O(R).l_[

In Equation (12), T is the collection of PRF
document terms, / is the number of non-equal terms in
the PRF document collection (term pool), and O(R | T)
is the probability odds of relevance of a term: O(R | T)
= PR | T) /(I — P (T)). Ranking the terms by O(R | T)
will, in fact, rank the terms by their probability of
relevance. The probabilities P(#; | R) and P(¢; | NR) can
be estimated if some relevant (and irrelevant)
documents are known, ie. if some of the
preferences of the user are known to the system. If
R is the number of relevant documents, NR is the
number of non-relevant documents, N is the total
number of documents, »; is the number of relevant
documents in which the term is present, and then the
probabilities are defined as:
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r.
and P(t;/NR) = ——

P(e/R) = = T (13)

The probabilities calculated with Equation (13) are
used to define a ranking of the terms in the collection.
Any order preserving transformation of the
probabilities will be as useful as the probabilities
themselves. The following formula defines the same
ranking as Equation (12):

P(t;/R)(1 — P(t;/NR))

O(R/t;) « log P(t;/NR)(1 — P(t;/R))

(14)

The candidate terms of term pool or top retrieved
feedback document are ranked based on the BIM values
obtained from Equation (14). Candidate terms ranked
based on the BIM score, after ranking some high BIM
scored candidate terms are selected for expanding the
user query. This type of query expansion is called BIM
Based Query Expansion (BIMBQE).

3.4. Robertson Selection Value based Query
Expansion

The Robertson Selection Value (RSV) method [8] is
based on Swets Model of IR system performance [15].
The system is assumed to retrieve items by ranking
them according to some measure of association with the
query. The principle idea of the Swets theory is to
examine the distribution of values of this match function
over the document collection. More specifically, it
considers two such distributions, one for the relevant
documents, and one for the non-relevant. If the retrieval
system is any good, the two distribution will be
different; in particular the match function values will
generally be higher for relevant documents than for non-
relevant.

In general, the more the two distributions are
separated, the better the performance of the system will
be. Other things being equal, the higher the difference d
= up - ung between the means of the two distributions
(where uy is the mean of relevant documents, and uy; is
the mean of non-relevant documents), the better the
performance. The measure of performance proposed by
Swets, and an alternative proposed by Brookes [16], can
both be expressed as d normalized by some function of
standard deviations of the distributions. However, these
measures are associated with the assumption that the
distributions are normal. This would not be an
appropriate assumption for the present situation. So the
present argument is based on the use of d, un-
normalized, as a simple measure of performance.
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If the weight of candidate term is W, then those class
that contains the term will have W, added to their match
function values. For the case of query expansion, we
consider the candidate term ¢ with weight W,. The new
mean of relevant and non-relevant document class is
given by upand uyg respectively.

If P,z and Py correspond to the probability of terms
present in relevant and non-relevant document
collection respectively. The equation for up (mean of
relevant documents) is given by Equation (15) as
follows:

(1 = Pplug + Pr(ug + W)

= Ug + PrW; (15)

Similarly, the new mean for uyz (the non-relevant
documents) is given by Equation (16) as follows:

Unr + Peng Wi (16)
And the effectiveness d’ defined as:
d' = up + PrW; — pyg — PengWe (17)
= pg — g + W (Per — Peyg) (18)
= d + Wy(Pr — Penr) (19)

If differences between two distributions are very low
then:

d’ = Wy(Pig — Peng) (20)

Where d is the original difference of uz and pyz.
Finally, the weight of candidate expansion term is
given by Equation (21) as follows:

= ZW(t'd) (Per — Penr)

ted

ey

Where Pj is the probability of expansion term in
relevant documents and P,y is the probability of
expansion term in non-relevant document or corpus.
Equation number (21) can be used to find the RSV score
of candidate expansion terms. Some top scored
candidate terms used to expand the user original query.
This type of query expansion is called RSV Based
Query Expansion (RSVBQE).
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4. Rank Aggregation Approaches to Query
Expansion Term Selection Methods

4.1. Rank Aggregation using Query Expansion
Terms Rank Positions

After applying different QE terms selection methods,
we got a separately ranked list of QE terms from each
term selection method. Now we need some rank
combination approach that can combine different ranked
list of QE terms into a single list of terms. Now, some
top scored terms selected from this single list of terms
as QE terms with the user query. In this section, we
brief about the ranks combination methods based on
rank positions that we used in our proposed work. The
social choice theory [18] is a study field in which voting
algorithms used as a technique for making the social or
group decision. Algorithms used in this section are
based on voting in the elections.

4.1.1  Borda ranking approach

According to Borda rank combining approach, each
voter has its own preference list of candidates. For each
voter, the top first candidate obtains m points, the top
second candidate obtains m-/ points, and the third top
candidate obtains m-2 points and so on. The sum value
of obtained points of each voter gives the final points to
each candidate. There are few candidates that are
unranked by a voter (Candidate term selection method)
then remaining points are divided among the unranked
candidates. The candidate that has high points wins
[19].

Example No 1: Here we used an example to illustrate
the working of Borda ranks combining approach. Here
we assume a combined single QE terms selection
method with five following ranked QE term selection
methods, which have ranked four candidate terms P, Q,
R, and S as following:

Candidate term selection method 1 (Rank-1): P, O, R, S
Candidate term selection method 2 (Rank-2): Q, P, S, R
Candidate term selection method 3 (Rank-3): R, O, P, S
Candidate term selection method 4 (Rank-4): R, O, S
Candidate term selection method 5 (Rank-5): R, O

Now we denote the score of each candidate term ¢ by
Candidate score (7).

Borda ranking (For example no 1): The score for
each candidate terms are as following:

Candidate score (P)=4+3+2+1+15=11.5
Candidate score (Q)=3+4+3+3+3=16
Candidate score (R)=2+1+4+4+4=15
Candidate score (S)=1+2+1+2+15=17.5

Thus the final ranking of candidate terms is: O, R, P, S.
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Some high ranked candidate terms selected by Borda
scheme are used for expanding the user query. This type
of query expansion is called Borda Based Query
Expansion (BBQE).

4.1.2  Condorcet ranking approach

Condorcet ranking combination algorithm is based on
the concept of the majority, according to this algorithm
a winner candidate have to beat the other entire
candidates in the pair-wise comparison. A non ranked
candidate by voter loses its score then other ranked
candidates score. If there are more than one unranked
candidates, then all the unranked candidates tie with
each other [19, 20].

Condorcet ranking for Example no. 1 (given in above
Section 4.1.1): In P and Q pair-wise comparison, term P
is 1 time before than term Q in all 5 ranks so win score
of P with respect to Q is 1, next term P is 4 times after
than Q in all 5 ranks so lose score of P with respect to O
is 4, next these is no tie between term P and Q in all 5
ranks so tie score is 0 (these win, lose and tie values of
term P with respect to Q are given in the (win:lose:tie =
1:4:0) form in First Row and Third Column of Table 1).
In the same way pair-wise comparison of all four terms
P, O, R and S in all 5 ranks are made and presented in
Table 1.

Table 1. The pair-wise comparison of four candidate terms

Candidate P(win: Q(win: R(win: S(win:
terms lose:tie) lose:tie) lose:tie) lose:tie)
P - 1:4:0 2:3:0 3:1:1

Q 4:1:0 - 2:3:0 5:0:0

R 3:2:0 3:2:0 - 4:1:0

S 1:3:1 0:5:0 1:4:0 -

After the construction of pair-wise comparison
matrix of candidate terms obtained from different QE
term selection methods. We made the pair-wise
analysis, the first value is win score, the second is lose
score, and third is tie score of four candidate terms.
From pair-wise analysis of Table 1, the winner
candidate term receives one point in its “win” column
and the loser candidate term receives one point in its
“lose” column, and for a pair-wise tie, both candidate
terms receives one point in the “#ie” column. To make it
more simpler, we explain it with the help of win, lose
and tie scores of Example 1 given in Table 1, for a
candidate term P, it only beats S, because term P is
ranked ahead of term S three times out of 5 ranks so win
score is 3, term P is after term S one time so lose score
is land there is tie between P and S one time so tie score
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is 1 (See, Example 1). The win, lose and tie scores of
Table 1 are given in Table 2.

Table 2. The pair-wise comparison matrix for the four
candidate terms

Candidate

Win Score Lose score Tie score
terms
P 1 2 0
Q 2 1 0
R 3 0 0
S 0 3 0

To rank the candidate terms with the help of Table 2,
we use candidate terms win and lose scores. If a
candidate term P has more win score than other
candidate Q win score in Table 2, then term P will win
over Q. If their win score is equal, then we consider
candidate lose scores, and a candidate term that has a
lower lose score wins (For example: In Table 1, First
Row presenting that win score of term P is higher only
in fourth or last Column and lower in column second
and third, means term P has 1 win score and 2 lose
score that are shown in the first row of Table 2,
similarly all other term’s score are calculated). If both,
win and lose scores of candidate terms are equal, then
the candidate terms are tied. Finally, R candidate term is
the Condorcet winner in our Example 1. So the final
ranking will be: R, O, P, S. Some high ranked candidate
terms selected by Condorcet scheme are used for
expanding the user query. This type of query expansion
is called Condorcet Based Query Expansion (CNBQE).

4.1.3  Reciprocal ranking approach

Next popular and simple ranks combination method is
Reciprocal ranking approach, according to this approach
for each and every voter first top candidate term obtain
score 1, and the second top candidate term obtain score
1/2 and third top candidate term obtain score 1/3 and so
on. A nonranked candidate term of a voter is not used in
the computation of this voter. Finally, all the candidate
terms ranked according to their final scores [20].

Using Reciprocal ranking (For Example 1):

Candidate score (P)=1+1/2+1/3=1.83

Candidate score (Q)=12+1+12+12+1/2=3

Candidate score (R)=1/3+1/4+1+1+1=3.55

Candidate score (S)=1/4+1/3+ 1/4+ 1/3=1.17

The final ranking of the candidate term will be: R, O,
P S

Finally, some high ranked candidate terms selected
by the Reciprocal scheme are used for expanding the
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user query. This type of query expansion is called
Reciprocal Based Query Expansion (RBQE).

4.2. Rank Aggregation using Query Expansion
Term Scores

Let the set of ranked candidate terms are given by 7 =
{t;, t5.., ty}. If there are n, query expansion term
selection methods. The similarity score gives by a query
expansion terms selection method i to a candidate term ¢
is S;. A list of the popular and simple score and rank
combination methods are explained by [19, 20].

4.2.1  SumScore ranking approach

The combined value of similarity score of each
candidate term # will be the sum of the similarities score
from all QE terms selection methods. That can be
explained by Equation (22):

Kk
SumScore(t;) = Z Sij (22)
i=1

The similarity score of candidate terms obtained
from different QE terms selection methods is
normalized before combination. In many research
works, it has been shown that the SumScore ranks score
combination approach performs better than other score
combination approach in almost all cases. Finally, some
high ranked candidate terms selected by SumScore
scheme are used for expanding the user query. This type
of query expansion is called SumScore Based Query
Expansion (SSBQE).

4.3. Rank Aggregation and Semantic Filtering
based Query Expansion

A list of candidate terms obtained after ranks
combination modules. In this candidate terms list, we
observed that some candidate terms as expansion terms
are not related to the original user query. If we use these
candidate terms as QE terms, it may retrieve irrelevant
documents. Thus, it is compulsory to filter out these
irrelevant candidate terms. In order to eliminate the
irrelevant and redundant candidate expansion terms, we
used the concept of semantic similarity that capture the
semantically related terms with query terms from the
candidate terms list and filter semantically non-related
terms.

For applying semantic similarity, we used linguistic
ontology WordNet as background knowledge. The basic
idea of semantic similarity is that if a candidate term has
some kind of semantic relation (i.e., synonym,
meronomy, holonomy, hypernym, hyponym) with the
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query term then it will be appropriate for QE. According
to the discussion in this section, there are a number of
semantic similarity finding modules that can be used to
find semantic similarity between two words or terms or
concepts ( such as query term and candidate term). The
popular and feasible semantic similarity
module/approach are: Leacock-Chodorow (LCh) [21],
Resnik [22] and Wu & Palmar [23], which takes two
words/concept as input and returns semantic similarity
between these two terms. We used Leacock-Chodorow
(LCh) semantic similarity measure in our work and
found that results are motivating.

The Lch method defines a semantic similarity
measure based on the Shortest distance length (c;, c;)
between two concepts or terms ¢; and ¢,, and scaling
that value by twice the maximum depth of the hierarchy,
and then taking the logarithm to smooth the resulting
score, given in Equation (23):

Simyep(cq, c2)

length(cy, c;)
—p ” (23)

= max |—log [

Where D is the maximum depth (i.e. 12 in case of
WordNet-3.0) note that in practice, we add 1 to both
length (c;, ¢;) and 2D to avoid log(0), when shortest
path length is 0.

Our semantic filtering based approaches are BSBQE,
CSBQE, and RSBQE and SSSBQE that takes candidate
terms as an input from BBQE, CBQE, RBQE and
SSBQE approach respectively and filter non-semantic
terms from candidate terms list. We give a new formula
for finding semantically suitability expansion terms
from candidate term based on the pattern similar to Co-
occurrence Equation (8). The new suggest formula is
given in Equation (24) that used to find semantic
similarity between candidate terms and the query terms.

SemanticSimilarityScoreforQ = f(c, Q)

= Z semanticsimilarity(c,t;)
t;inQ

24

Where Q is all query terms, ¢ is set of candidate
terms and ; is an i term of the query. Finally, noisy or
irrelevant terms of BBQE, CBQE, RBQE and SSBQE
approaches are filtered by this semantic approach, and
these semantic-based approaches are called BSBQE,
CSBQE, and RSBQE and SSSBQE approach
respectively.
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The algorithmic steps of our proposed semantic-
based query expansion approaches are listed in Figure 3.

1. Once the candidate term sets obtained from Step 4 of
Figure 2.

2. Input two terms/concepts ¢; and c,, first term c; is
obtained from Stepl and the second c; is query term.

3. Words validation.

If both words are present in English WordNet
lexical taxonomy, Goto Step 4.
Else, Goto Step 9.

4. Hypernym tree module, finds hypernym tree of ¢; and
c,using WordNet Taxonomy.

5. Hypernymy validation module, finds both trees have
the same root or not.

If root same,
Goto Step 6, Else, Goto Step 9.

6. LCS module, finds nearest common hypernym
ancestor node of both words in the hypernym tree,
which is called Least Common Subsumer (LCS).

7. Count Numbers of edges between ¢; and ¢, through
LCS giving length (c,, ¢,). Then Apply Lch semantic
similarity measuring (Eq. (23) method (Note that,
Lch method uses max depth D for English WordNet
version 3.0 taxonomy which is fixed and equal to
12).

8. Output numeric value of semantic similarity between
two terms ¢; and c¢;.

. Stop.

10. Semantic similarity between candidate term and all

query terms are obtained from Equation (24).

Fig. 3. Algorithm Steps for finding semantic similarity
between two concepts/words

4.4. Rank Aggregation with Semantic and Genetic
based Query Expansion

In the previous section, we discussed how the term pool
and candidate term collection developed. Candidate
terms set have good and bad expansion terms together;
now we have to select the optimal combination of
expansion terms. It has been proved by many pieces of
research that Genetic Algorithm (GA) is very much
suited for optimization kind of problem. GA
performance very much depends upon chromosome
representation properly and properly selection and
tuning of crossover and mutation operator, and there is a
need for good fitness function.

The main steps used in Genetic Algorithm
implementation are as follows:
(1) Chromosome  Representation:  The  binary

representation used to represent chromosomes,
where each gene is representing a particular

43

2

3

“

candidate  term. Each  chromosomes are
representing one particular combination of
candidate terms. The GA used candidate terms set
obtained after fuzzy hybrid approach and original
query terms as initial population. Suppose the
numbers of gene in a chromosome are 10, then the
chromosomes can be represented as: Chromosomes
={t, bty t3, ty, 5, ts, 17 tg to, 19}, Where ¢; represents
a candidate term.

Fitness Function: Fitness function is a performance
measure or goodness function, used to evaluate
how each solution is good, which is measured by
recall or precision. In our experiment Recall
parameter used as fitness function, this metric is
given by Equation (25) as follows:

Rl (25)
IR

Recall =

Where R, represents set of relevant documents
retrieved and R represents the set of all relevant
documents.

Selection: Fitness function (recall) is used to select
chromosomes for next generation as chromosomes
selection criteria. Where the higher value of fitness
function indicates a higher possibility of selection
of that chromosomes for next generation.

Operator: GA used two operators for producing
offspring chromosome:

(a) Crossover operator: Crossover operator
used for combining two chromosomes to
produce new one offspring. The value of
crossover probability P, (P, = 0.7) used to
occur crossover. In our work, five
approaches of crossover are used that are
listed as following:

(i) Single point crossover.
(il)) Restriction based crossover.
(iii) Discrete crossover.
(iv) Fusion based crossover.
(v) Dissociated based crossover.

(b) Mutation operator:  Mutation used to
modify the values of the gene for a
solution with P,, probability. In our work,
the value of mutation probability (P, =
0.08) used with two mutation approach.

(i)  Point mutation.
(ii)) Chromosomal mutation.
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Table 3. Different genetic base approaches

GALl: Genetic approach using single-point crossover and

point based mutation.

Genetic approach using single-point crossover and

chromosomal based mutation.

GA3: Genetic approach using restriction based crossover and
point based mutation.

GA4: Genetic approach using restriction based crossover and
chromosomal based mutation.

GAS: Genetic approach using discrete crossover and point

based mutation.

Genetic approach using discrete crossover and

chromosomal based mutation.

GA7: Genetic approach using fusion based crossover and
point based mutation.

GAS: Genetic approach using fusion based crossover and
chromosomal based mutation.

GA9: Genetic approach using dissociated based crossover
operator and point based mutation.

GA10: Genetic approach using dissociated based crossover
operator and chromosomal based mutation.

GA2:

GA6:

1. Once the candidate term sets obtained in Step 5 of
Figure 2.

2. Perform Step no. 3 and 4 for applying Genetic
Algorithm.

3. The initial population are generated randomly from
candidate terms set.

4. Step number 5 and 6 are repeated during the coverage
of population or up-to-the maximum generation
number.

5. Fitness score for every member of the population are
calculated (a and b):

a. Original query are expanded by adding individual
population members terms.

b. Retrieved the initial document set.

c. The fitness of expanded queries is calculated with
recall based fitness function (Eq. no 25).

6. The new population are formed by using selection
operator, crossover operator and mutation operation.

7. Best or optimal combination of terms is returned or
obtained as a final generation, with a maximum value
of fitness as final expansion terms set.

Fig. 4. Algorithm Steps for genetic approaches based query
expansion

The values of crossover and mutation were set
empirically after 20 runs of Genetic Algorithm (the
Genetic Algorithm was executed for 50 generation and
population size was 40). Based on crossover operators
and mutation operators ten different approaches of GA
are used. These approaches used with similarity
measure (Okapi-BM25). Different approaches used in
our proposed genetic approach are listed in Table 3.
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A set of good expansion terms selected by using a
genetic algorithm, which used for expanding the
original query and used as an input to semantic filtering
approach. Finally, our proposed genetic algorithm
applied to semantic approaches, namely BSBQE,
CSBQE, RSBQE and SSSBQE, and optimum
combination with query terms are selected using this
genetic approach, and these semantic genetic-based
approaches are called BSGBQE, CSGBQE, and
RSGBQE and SSSGBQE approaches respectively. The
algorithmic steps of our proposed Genetic based query
expansion approaches are listed in Figure 4.

4.5. Methods for Reweighting the Expanded
Query Terms

After one of the QE terms selection methods described
above has generated the list of candidate terms, the
selected candidate terms that system adds to the user
query must be re-weighted. Different methods have
been proposed for QE terms re-weighting. We made a
comparison analysis of these methods and tested which
one is the most appropriate for our proposed QE
modules. The most traditional and simple approach of
expansion term re-weighting is the Rocchio algorithm
[24]. In this proposed work, we used Rocchio’s beta
version of Rocchio’s algorithm, in which we require
only the p parameter. Finally, we computed the new
weight qtw of candidate terms used as expansion terms
with the original user query by Equation (26) as
follows:

qtf
qtfmax

w(t)

Wmax (t)

qtw = + B (26)

In Equation (26), parameter w(?) is the old weight of
candidate term ¢ and w,,,(¢) is the maximum weight of
the expanded query terms, f is a setting parameter, g¢f is
the query term ¢ frequency and gtf,,,, is the query term ¢
maximum frequency present in the query g. The value
of the parameter f fixed to 0./ in our experiment.
Finally, the selected candidate terms used after re-
weighting for expanding the user query.

5. Experimental study
5.1. Methodology

5.1.1 Baseline Model

In order to find the fair comparisons of our proposed
model with others popular, relevant and state-of-the-arts
models, we use Okapi-BM25 models (probabilistic
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based model) [25], Hiemstra model (probabilistic based
model IR model) [26], Aguera et al.’s model
(combining multiple term selection methods) [27],
Zhang et al.’s model (semantic similarity based query
expansion method) [28] and Zhu et al.’s (Genetic based
query expansion method) model [29].

5.1.2  Parameter setting

In order to investigate the optimal setting of parameters
for fair comparisons, we used the parameter setting
method explained in Diaz and Metzler [30] for our
proposed model, which is very popular in IR’s field.
First, for parameters in PRF models, we used different
numbers of top feedback documents in both baseline
and proposed approaches (5, 10, 15, 25, 50), to find the
optimal number of feedback documents for making the
proper collection of expansion terms that may improve
the performance of IR system, but we found that our
proposed model performing best for top 15 numbers of
feedback document, that’s why we fix top 15 feedback
document to make the term pool in our experiment.
Second, we select different number of top candidate
terms from ranked candidate terms based on similarity
value with query terms as expansion terms (10, 20, 30,
50, 75), for both baseline and proposed methods to find
the optimal number of top expansion terms used for
reformulating query, but our proposed model
performing best for top 30 candidate term, that’s why
we fix top 30 candidate terms to reformulate the original
user query in our experiment.

5.1.3 Datasets

In this section, we describe two well-known
benchmarks test collections used in our experiments:
TREC disk 1&2 and FIRE ad-hoc dataset, which are
different in size and genre (TREC disc 1&2 size is 6 Gb,
while FIRE dataset is 3.4 Gb). The detailed descriptions
of both datasets are given in Table 4. Query numbers
range from 126-175 are used for FIRE dataset and query
numbers range from 151-200 are used for TREC dataset
(a different collection of 50 queries are used for both
datasets). The TREC disk 1&2 collections contain
newswire article from different sources, such as
Association Press, Wall Street Journal, Financial Times,
Federal Register, etc., which are considered as high
quality text data with minimum noise. The FIRE ad-hoc
dataset is a medium size collection contain newswire
article from two different sources named The Telegraph
and BD News24 provided by Indian Statistical Institute
Kolkata, India.
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Table 4. Summary of used datasets and query numbers

. Average
Data Task Queries Docs No of unique document
sets terms
length
TREC-3 ad hoc 151-200 7,41,856 14,83,71,200 349
FIRE ad hoc 126-175 4,56,329 6,27,56,468 273

In our experiments, we use only title field of TREC
and FIRE query sets for retrieval task, because this field
is closer to the actual queries used in real time
applications, and the usefulness of this field is expected
to be the most useful for short type queries mention
here. The last column of Table 4 presents the average
documents length in the corresponding TREC and FIRE
datasets.

Based on the performance, Porter steamer is used to
stem each term in the process of indexing and querying,
and a latest list of 420 stop words is used to remove the
stop words.

5.1.4  Evaluation parameters

Recall (R), Precision (P) and F-measure are three
parameters that are used to evaluate the performance of
information retrieval system, Recall is given by:

IR |

Recall =
|Sarel |

27)

Where R,, is the set of relevant documents retrieved
and S,,.;1s the set of all relevant documents.

IR, |

28
IS @8)

Precision =

Where S,., is the retrieved documents set.

The Average Precision (AP) used as a standard
measure to find the quality of a search system in
information retrieval. The precision of a document d is
defined as the fraction of relevant documents within the
set of retrieved documents. The Average Precision for
relevant document sets is obtained as the mean precision
of all these docs.

n
1
AP = - Z Precision(P)) (29)
i=1

Where R; is the relevant documents set.
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Mean average precision (MAP) for a set of queries is
the mean of the average precision (AP) scores for each

query.

Y2 AP(q)
Q

MAP = (30)

Where Q is the number of queries, we used the F-
measure to evaluate the accuracy of the result. The F-
measure is a harmonic combination of the precision (P;)
and recalls (R;) values of i documents set used in
information retrieval.

The F-measure can be calculated by equation (31) as
follows:

2P,R;

.= 31
= PR (31)

5.2. Comparison of Individual Query Expanding
Terms Selection Methods

Tables 5 and 6 show the retrieval performance of QE
term selection methods in terms of Mean Average
Precision (MAP) and Recall on FIRE and TREC
datasets and compared with Okapi-BM25 and Hiemstra
retrieval model. Where, both Okapi-BM25 and
Hiemstra are state-of-the-arts probabilistic retrieval
model [25, 26].

In both FIRE and TREC dataset, top 10, 25 and 50
retrieved documents are used to measure the average
precision, recall and mean average. In our experiment,
we found that the performance of our proposed QE term
selection approaches CHIBQE, CBQE, BIMBQE and
RSVBQE achieved a significant improvement over
basic retrieval model Okapi-BM25.

Table 5. Comparison of different term selection approaches with Okapi-BM25 and Hiemstra models in term of Mean Average
Precision (MAP) and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the FIRE dataset

Top 10 retrieved

Top 25 retrieved

Top 50 retrieved

documents documents documents
Methods

MAP Recall MAP Recall MAP Recall
Okapi-BM25 0.2217 0.1043 0.2175 0.1871 0.1839 0.2957
Hiemstra model 0.2235 0.1059 0.2197 0.1958 0.1845 0.2962
CBQE 0.2221 0.1176 0.2163 0.1965 0.1847 0.2963
RSVBQE 0.2380 0.1184 0.2201 0.1994 0.1895 0.3045
BIMBQE 0.2407 0.1285 0.2354 0.2105 0.2182 0.3173
CHIBQE 0.2505 0.1292 0.2456 0.2137 0.2393 0.3251

Table 6. Comparison of different term selection approaches with Okapi-BM25 and Hiemstra models in term of Mean Average
Precision (MAP) and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the TREC dataset

Top 10 retrieved

Top 25 retrieved Top 50 retrieved

Methods documents documents documents

MAP Recall MAP Recall MAP Recall
Okapi-BM25 0.2378 0.1172 0.2204 0.1911 0.1955 0.3012
Hiemstra model 0.2380 0.1193 0.2218 0.1964 0.1988 0.3096
CBQE 0.2381 0.1195 0.2216 0.1978 0.1990 0.3160
RSVBQE 0.2435 0.1193 0.2259 0.2096 0.2098 0.3159
BIMBQE 0.2477 0.1267 0.2351 0.2175 0.2273 0.3285
CHIBQE 0.2520 0.1295 0.2588 0.2188 0.2395 0.3301
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We also note that the improvements achieved by the
proposed model on TREC disk1&?2 are little greater
than the FIRE dataset. This is probably because that the
disk 1&2 collections contain news articles, which are
usually considered as high-quality text data with less
noise. On the contrary, FIRE ad- hoc dataset are news as
well as web collections that are more challenging and
include multiple sources of a heterogeneous set of the
document as well as more noise.

Tables 5 and 6 show that the performance of CHI
based query expansion terms selection methods is
higher than other term selection methods in all top
retrieved document sets on both FIRE and TREC
datasets.

5.3. Comparison of Ranks Aggregation Methods

Tables 7 and 8 show the retrieval performance of rank
combination methods in terms of average precision and
recall on both FIRE and TREC data sets and

compared with Aguera et al.’s (combining three-query
expansion terms selection methods based model)
models [27].

Where, Aguera et al.’s is a state-of-the-art multiple
query expansion terms selection combination based
retrieval model. In our experiment, we found that the
performance of our proposed ranks combination
methods SSBQE, RBQE, CNBQE and BBQE achieved
a significant improvement over Okapi-BM25 and
Aguera et al.’s model.

The performance of ranking based ranks combination
is better than score based ranks combination. We also
note that the improvements achieved by the proposed
model on TREC is little more than the FIRE dataset.
Tables 7 and 8 show that the performance of Borda and
Condorcet ranking based ranks combination methods
BBQE and CNBQE are better than other ranking based
and score based ranks combination methods in all top
retrieved document sets.

Table 7. Comparison of our proposed ranks combination approaches with Aguera et al.’s model in term of Mean Average
Precision (MAP) and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the FIRE dataset

Top 10 retrieved

Top 25 retrieved

Top 50 retrieved

documents documents documents
Methods

MAP Recall MAP Recall MAP Recall
SSBQE 0.2572 0.1237 0.2311 0.2135 0.2207 0.3210
RBQE 0.2631 0.1302 0.2578 0.2267 0.2483 0.3316
Aguera et al.’s model 0.2816 0.1357 0.2630 0.2362 0.2579 0.3395
CNBQE 0.2940 0.1434 0.2701 0.2491 0.2681 0.3407
BBQE 0.3025 0.1476 0.2872 0.2560 0.2790 0.3488

Table 8. Comparison of our proposed ranks combination approaches with Aguera et al.’s model in term of Mean Average
Precision (MAP) and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the TREC dataset

Top 10 retrieved

Top 25 retrieved

Top 50 retrieved

documents documents documents
Methods

MAP Recall MAP Recall MAP Recall
SSBQE 0.2639 0.1324 0.2511 0.2247 0.2307 0.3305
RBQE 0.2747 0.1369 0.2583 0.2385 0.2475 0.3483
Aguera et al.’s model 0.2986 0.1397 0.2669 0.2504 0.2512 0.3594
CNBQE 0.3075 0.1485 0.2738 0.2671 0.2677 0.3615
BBQE 0.3183 0.1480 0.2885 0.2701 0.2793 0.3652
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5.4. Comparison of Ranks Aggregation using
Semantic Filtering based Methods

Tables 9 and 10 show the retrieval performance of
semantic filtering based rank combination methods in
terms of average precision and recall on both FIRE and
TREC datasets and compared with Zhang et al.’s
(Semantic based query expansion method) models.
Where, Zhang et al.’s is a state-of-the-art semantic
based retrieval model [28].

In our experiment, we found that the performance of
our proposed semantic filtering based rank combination
methods SSSBQE, RSBQE, CNSBQE and BSBQE
achieved a significant improvement over Okapi-BM25
retrieval model. Tables 9 and 10 show that the
performance of Borda and Condorcet rank combination
methods BSBQE and CNSBQE are better than other
sum score and reciprocal based rank combination
SSSBQE and RSBQE in all top retrieved document sets.
Tables 9-10 show the results of rank combining
schemes with semantic filtering are significantly better
than the Zhang et al.’s model’s result.

Figure 5 shows the significant improvement by our
proposed semantic based approaches, namely CNSBQE
and BSBQE over Okapi-BM25 and Zhang et al. model
in terms of Recall, Precision and F-measures for both
FIRE and TREC datasets.

The 11- point precision-recall curve of proposed
semantic based approaches and baseline approaches
Okapi-BM25 and Zhang et al. are shown in Figure 6.
The 11-point precision-recall curve is a graph plotting
the interpolated precision of an information retrieval
(IR) system at 11 standard recall levels, that is, {0.0,
0.1, 0.2,...,1.0}. The graph is widely used to evaluate IR
systems that return ranked documents, which are
common in modern search systems. Figure 6 also shows
the significant improvement of our proposed semantic
based query expansion approaches over baseline
approaches. This indicates that both the combination of
ranks and semantic filtering are having the positive
effect on improving the quality of expansion terms.

Table 9. Comparison of our proposed semantic based ranks combination approaches with Zhang et al.’s model in term of MAP
and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the FIRE dataset

Top 10 retrieved

Top 25 retrieved

Top 50 retrieved

Methods documents documents documents

MAP Recall MAP Recall MAP Recall
SSSBQE 0.2583 0.1259 0.2367 0.2147 0.2154 0.3163
RSBQE 0.2631 0.1300 0.2485 0.2256 0.2214 0.3228
Zhang et al.’s model 0.2722 0.1303 0.2669 0.2338 0.2456 0.3359
CNSBQE (Proposed) 0.2950 0.1474 0.2698 0.2482 0.2523 0.3506
BSBQE (Proposed) 0.3029 0.1491 0.2879 0.2562 0.2799 0.3513

Table 10. Comparison of our proposed semantic based ranks combination approaches with Zhang et al.’s model in term of
MAP and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the TREC dataset

Top 10 retrieved

Top 25 retrieved

Top 50 retrieved

documents documents documents
Methods " e e

MAP Recall MAP Recall MAP Recall
SSSBQE 0.2650 0.1373 0.2548 0.2164 0.2375 0.3301
RSBQE 0.2756 0.1378 0.2612 0.2249 0.2453 0.3453
Zhang et al.’s model 0.2928 0.1399 0.2679 0.2485 0.2636 0.3467
CNSBQE (Proposed) 0.3093 0.1487 0.2711 0.2599 0.2729 0.3544
BSBQE (Proposed) 0.3190 0.1494 0.2891 0.2718 0.2803 0.3663
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Fig. 5. Recall, MAP (Precision) and F-measures values of proposed approaches on both FIRE and TREC datasets (for top 10

retrieved documents, discussed in Tables 9, 10)
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Fig. 6. Precision-recall curve of proposed semantic based query expansion approaches on both FIRE and TREC datasets

5.5. Comparison of Ranks Aggregation using
Semantic Genetic Approach based Methods

In order to apply genetic approach, the GA executed for
total 50 generations and 40 population size. The value
of crossover and mutation set empirically after 20
execution of GA. Finally, crossover rate was taken as
0.7 and mutation rate as 0.08. Only the results of
proposed BSGBQE approach using all GA’s approaches
(such as GA1, GA2,...., GA10) are presented in Table
11. In Table 11 analysis, it is observed that GAIl
approach achieved the highest improvement over other
GA approaches, which using different crossover and
mutation techniques, while GAIl wused one-point
crossover operator and point based mutation in its
implementation.
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Figure 7 shows Recall (as fitness function) of all the
queries generation wise for all four approaches using
Genetic algorithms such as SSSGBQE, RSGBQE,
CNSGBQE and BSGBQE approaches on both datasets.
Recall vs. generation number graph draw only for best
performing genetic approach (GA1) shown in Table 11.
It can be observed that average fitness (recall) is
increasing initially and slowly reaches to convergence.
This shows the improvement in the retrieval of
documents by expanding queries using proposed GA-
based approaches. Figure 7 shows that our proposed
BSGBQE approach is performing best among other
Genetic based approaches.

Once the candidate terms obtained after semantic
filtering and ranks combination approaches, it is logical
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Table 11. Mean Average Precision (MAP) of 50 queries for both dataset by GA approaches with top 10, 25 and 50 retrieved

documents using 15 feedback document and 30 expansion terms

Data Okapi- Top GAl GA2 GA3 GA4 GA5S GA6 GA7 GAS GA9 GA10
BM25
TREC 0.2378 10 0.3284 0.2615 0.2504 0.2669 0.2684 0.2500 0.2538 0.2701 0.2661 0.2603
TREC 0.2204 25 0.2977 02468 0.2307 0.2519 0.2516  0.2356 0.2443 0.2546 0.2503 0.2541
TREC 0.1955 50 0.2904  0.2441 0.2341 0.2441  0.2451 0.2323 0.2332 0.2447 0.2462 0.2453
FIRE  0.2217 10 0.3196 02795 0.2641 0.2617 0.2667 0.2516 0.2647 0.2635 0.2521 0.2551
FIRE 0.2175 25 0.2923  0.2642 0.2563 0.2616  0.2300 0.2347 0.2434 0.2364 0.2468 0.2349
FIRE 0.1839 50 0.2887  0.2273  0.2340 0.2241  0.2360 0.2252  0.2300 0.2263 0.2361 0.2253
08 0.8
TRECdata FIREdata
07 07
§ 0s R W
g —BSGBAE £ o8
= 05 —ouseBaE o 05
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Fig. 7. Average recall for all queries vs generation for SSSGBQE, RSGBQE, CNSGBQE and BSGBQE approaches on both

TREC and FIRE datasets

to check the optimum combination of query terms and
candidate terms for selecting the best set of candidate
terms for reformulating the query, for this purpose we
use genetic algorithms as optimal set finding algorithm.
In this process, only important terms filtered as
candidate terms and unimportant candidate terms
ignored. Tables 12 and 13 show the retrieval
performance of semantic genetic filtering based rank
combination methods BSGBQE, CNSGBQE, RSGBQE
and SSSGBQE in terms of average precision and recall
on both FIRE and TREC data sets and compared with
Zhu et al.’s (Genetic-based query expansion method)
models. Where, Zhu et al.’s is a state-of-the-art
semantic and genetic based retrieval model [29]. Tables
12-13 show the results of rank combining schemes with
the semantic genetic approach are significantly better
than the Zhu et al.’s model.
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Figures 8 shows the significant improvement by our
proposed semantic genetic-based approaches, namely
CNSGBQE and BSGBQE over Okapi-BM25 and Zhu
et al. models in terms of Recall, Precision and F-
measures for both FIRE and TREC datasets.

The 11- point precision-recall curve of proposed
semantic genetic based approaches and baseline
approaches Okapi-BM25 and Zhu et al. are shown in
Figure 9. The 11-point precision-recall curve is a graph
plotting the interpolated precision of an information
retrieval (IR) system at 11 standard recall levels, that is,
{0.0, 0.1, 0.2,...,1.0}. The graph is widely used to
evaluate IR systems that return ranked documents,
which are common in modern search systems. Figure 9
also shows the significant improvement of our proposed
semantic genetic based query expansion approaches
over baseline approaches. This indicates that the
combinations of ranks, semantic and genetic approaches
together are having the positive effect on improving the
quality of expansion terms.
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Table 12. Comparison of our proposed semantic genetic based rank combination approaches with Zhu et al.’s model in term of
MAP and Recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the FIRE dataset

Top 10 retrieved Top 25 retrieved Top 50 retrieved

documents documents documents
Methods

MAP Recall MAP Recall MAP Recall
SSSGBQE 0.2804 0.1410 0.2377 0.2260 0.2289 0.3260
RSGBQE 0.2875 0.1962 0.2593 0.2300 0.2238 0.3300
Zhu et al.’s model 0.2887 0.1501 0.2785 0.2407 0.2512 0.3481
CNSGBQE (Proposed) 0.3083 0.1620 0.2842 0.2581 0.2634 0.3553
BSGBQE (Proposed) 0.3196 0.1711 0.2903 0.2655 0.2887 0.3644

Table 13. Comparison of our proposed semantic genetic based rank combination approaches with Zhang et al.’s model in term of
average precision and recall for 50 queries using top 15 feedback documents and top 30 expansion terms for the TREC dataset

Top 10 retrieved Top 25 retrieved Top 50 retrieved
documents documents documents
Methods
MAP Recall MAP Recall MAP Recall
SSSGBQE 0.2900 0.1421 0.2638 0.2224 0.2440 0.3495
RSGBQE 0.3016 0.1505 0.2711 0.2316 0.2511 0.3500
Zhu et al.’s model 0.3077 0.1508 0.2783 0.2551 0.2722 0.3679
CNSGBQE (Proposed) 0.3263 0.1666 0.2864 0.2678 0.2869 0.3748
BSGBQE (Proposed) 0.3284 0.1737 0.2977 0.2805 0.2904 0.3886
0.32 032
0.3 0.3
0.28 0.28
0.26 026
0.24 0.24
0.22 022
0.2 0.2
0.18 0.18
o WRECALL | o7p |
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BM25 Zhu model CNSGBOE BSGBQE BM25 Zhu maodel CNSGBOQE BSGBOE

Fig. 8. Recall, Precision and F-measures values of proposed approaches on both FIRE and TREC datasets (for top 10 retrieved
documents, discussed in Tables 12-13)
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Fig. 9. Precision-recall curve of proposed genetic based query expansion approaches on both FIRE and TREC datasets

5.6. Statistical Analysis

5.6.1  Statistical  significance of proposed
approaches

After observing that our proposed approach is giving
better performance than the best of individual similarity
measure considered, a #-test was applied to show that
the improvement is statistically significant. This pair
t-test compares one set of measurements with a second
set from the same sample. Given two paired sets X; and
Y; of n measured values, the paired t-test determines
whether they differ from each other in a significant way
under the assumptions that the paired differences are
independent and identically normally distributed.

The statistical paired #-test results obtained for FIRE
and TREC datasets are tabulated in Tables 14-16. A
paired t-test is the most commonly used hypothesis test
in IR. In the present work, the paired #-tests are
conducted to determine whether the proposed quer
expansion approaches are statistically different from
Aguera, et al.’s model, Zhang et al.’s model and Zhu et
al.’s model or not. These paired #-tests return the results
in terms of s-value, p-value, and CI values. The p-value
= 0 indicates that the null hypothesis is rejected and that
the mean of our data is significantly different from other
approaches with 95% certainty and therefore the null
hypothesis (‘‘means are equal’’) cannot be rejected at
the 5% significance level (a = 0.05).

If the p-value = 1, then the performances are not
statistically different and, therefore, the null hypothesis
(“‘means are equal’’) can be rejected at the 5%
significance level (¢ = 0.05). The CI is the 95%
confidence interval of the mean based upon the ¢-
distribution.

Table 14 clearly indicates that the improvement of
the proposed rank aggregating approaches over Aguera
methods is statistically significant at a = 0.05 (p is
almost zero for both the FIRE and TREC datasets).

Tables 15-16 show pair t-test values between our
proposed approaches and other’s proposed model.
Tables contain only the proposed approaches that pass
the paired #-test. In our experiment, we compared our
semantic based approach with Zhang et al.’s model.
Table 15 clearly indicates that the improvement of the
proposed approaches CNSBQE and BSBQE over Zhang
et al.’s model is statistically significant at @ = 0.05 (p is
almost zero for both the FIRE and TREC datasets).

In our experiment, we compared our genetic based
approach with Zhu et al.’s model. Table 16 clearly
indicates that the improvement of the proposed
approaches CNSGBQE and BSGBQE than Zhu et al.’s
model is statistically significant at @ = 0.05 (p is almost
zero for both the FIRE and TREC dataset).

Table 14. Paired t-test results between proposed approaches
and BM25 for FIRE and TREC datasets.

Proposed Aguera et al.’s model
Dataset

approaches  DARSE \ \ilue p-Value clI

CNBQE FIRE I 0.0010 [-0.1813, -0.1104]
TREC | 0.0005 [-0.1033, -0.0763]

BBQE FIRE I 0.0002 [-0.1738, -0.1040]
TREC | 0.0003 [-0.1672, -0.1160]
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Table 15. Paired t-test results between proposed approaches
and Aguera et al.’s model for FIRE and TREC datasets.

Proposed Zhang et al.’s model
Dataset

approaches  DARSEL |\ lue p-Value CI

CNSBQE  FIRE I 0.0005 [-0.1712,-0.1010]
TREC I 0.0010 [-0.1137,-0.0694]

BSBQE FRE | 0.0000 [-0.1610, -0.0842]
TREC I 0.0011 [-0.1385, -0.0473]

Table 16. Paired t-test results between proposed approaches
and Zhang et al.’s model for FIRE and TREC datasets.

Zhu et al.’s model

Proposed Dataset

approaches h-Value p-Value CI

CNSGBQE FIRE | 0.0002 [-0.1053, -0.0543]
TREC | 0.0006 [-0.1643, -0.9843]

BSGBQE FIRE | 0.0005 [-0.1634, -0.1000]
TREC | 0.0010 [-0.1335, -0.0675]

5.7. Summary

Our observations on the experimental results of the
query expansion score combination and ranks
combination of the query expansion selection methods
are summarized as follows:

e The individual query expansion terms selection
methods, namely CHIBQE, CBQE, RSVBQE and
BIMBQE performing better than Okapi-BM25
(non-query expansion method) and Hiemstra
methods. In all used term selection methods,
CHIBQE performed best among CBQE, BIMBQE
and RSVBQE.

e The individual query expansion terms selection
methods, namely CHIBQE, CBQE, RSVBQE and
BIMBQE performing better than Okapi-BM25
(non-query expansion method) and Hiemstra
methods. In all used term selection methods,
CHIBQE performed best among CBQE, BIMBQE
and RSVBQE.

e The combination of multiple query expansion terms
selection methods performed better than the
performance of each individual query expansion
term selection method. The CNBQE and BBQE
ranks aggregation methods performing better than
other ranks aggregation methods such as SSBQE,
RBQE, and Aguera et al.’s method.
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e QOur proposed semantic filtering based ranks
aggregation methods perform better than both ranks
combination methods and individual feature
selection methods for both datasets because
semantic filtering removed redundant and irrelevant
candidate terms. The CNSBQE and BSBQE
semantic-based methods performed better than
SSSBQE, RSBQE, and Zhang et al.’s method.

e Our proposed genetic algorithm after semantic
filtering based approach as semantic genetic
filtering that achieved motivational results based on
a good optimal combination of candidate expansion
terms and query terms. The CNSGBQE and
BSGBQE genetic based methods performed better
than SSSGBQE, RSGBQE, and Zhu et al.’s
method.

e Pair ttest shows statistical significance of our
proposed approaches over baseline approach in
terms of A-value, p-value, and CI value as shown in
Tables 14-16.

Here, we are listing some important reasons for
achieving improvements by our proposed model for
making the contribution more clear as follows:

(1) In our proposed model, used ranks combining
approaches combining the strengths of different
query expansion terms selection/ranking methods
that enhancing the performance of our system
(Because each used individual QE terms selection
method has its strengths and weaknesses, and by
using the property of ranks combining approaches,
we are combining their strengths and eliminating
their weaknesses).

(2) In our proposed model, used semantic filtering
approach filtering out all irrelevant terms with
respect to original user query that is enhancing the
performance of our system.

(3) In our proposed model, used Genetic Algorithm
based approach choosing the optimal combination
of possible expansion terms and query terms with
the help of Fitness function that enhancing the
performance of our system.

6. Conclusion and Future Work

In this work, we explored the power of combining
multiple query expansion terms selection methods to
improve the performance of information retrieval
system by using the automatic expansion of user query
called automatic query expansion (AQE). We studied
the ranks combination of four query expansion terms
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selection methods on two real datasets with or without
semantic filtering and semantic genetic filtering
approaches. We found that ranks combinations using
semantic filtering and semantic genetic filtering
outperform each ranks combinations without semantic
filtering and each individual query expansion terms
selection method in terms of the mean average
precision, recall, and F-measure. More specifically, we
found that combination of query expansion terms
selection methods can improve the performance of
information retrieval system only if each of the query
expansion terms selection method has relatively high
performance, and their scoring behaviours are quite
different from each other selection method. In that case,
different query expansion terms selection methods can
capture the different characteristics of the terms, and the
newly obtained terms can represent the document set
more accurately.

Used Semantic algorithms found more semantic
similar candidate terms with query terms and filter out
irrelevant and redundant candidate terms. After
semantic filtering, the used genetic algorithm made an
optimal combination of semantically filtered candidate
terms with the query terms. Some high score candidate
terms selected using semantic genetic filtering approach
were useful to expand original user query. Our
experimental results confirmed that our proposed model
performed significantly better than other state-of-the-
arts methods on both FIRE and TREC datasets. Our
future research will focus on exploring the query
expansion terms selection methods and other types of
combination of multiple expansion terms selection
methods. We will also study how to improve the
performance of information retrieval system with the
help of query expansion by using evolutionary
technique and machine learning technique.

References

1. Lesk ME. Word-word associations in document retrieval
systems, American Documentation 1969; 20(1): 27-38.

2. Singh J and Sharan A. Context window based co-
occurrence approach for improving feedback based query
expansion in information retrieval. International Journal
of Information Retrieval Research 2015, 5(4): 31-45.

3. Xia Z, Zhu Y, Sun X and Chen L. Secure semantic
expansion based search over encrypted cloud data
supporting similarity ranking. Journal of Cloud
Computing 2014; 3(8): 1-11.

4. Singh J and Sharan A. Co-occurrence and semantic
similarity based hybrid approach for improving automatic
query expansion in information retrieval. In LNCS 8956,
Springer, 2015, pp. 415-418.

54

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Li Y, Luo C and Chung SM. Text clustering with feature
selection by using statistical data. [EEE Trans. on
Knowledge and Data Engineering 2008; 20(5): 641-652.
Adekpedjou A and Zamba KD. A Chi-Squared Goodness
of Fit Test for Recurrent Event Data. Journal of
Statistical Theory and Applications 2012;11(2): 97-119.
Carpineto C and Romano G. A survey of Automatic
Query Expansion in Information Retrieval. ACM
Computing Survey 2012; 44(1): 1-50.

Robertson SE. On term selection for query expansion.
Journal of documentation 1990; 46(4): 359-364.

Rogati M and Yang Y. High-performing feature selection
for text classification. In: Proceedings of the 11th ACM
International Conference on Information and Knowledge
Management, 2002, pp. 659-661.

Verelas VE and Raftopoulou P. Semantic Similarity
Methods in WordNet and their Application to IR on the
Web. In: Web information and data management, 2005,
pp. 10-16.

Liu S, Liu F, Yu C and Meng W. An effective approach
to document retrieval via utilizing wordnet and
recognizing phrases. In: Proceedings of the ACM SIGIR
Conference on Research and development in Information
Retrieval, 2004, pp. 266-272.

Bhatnagar P and Pareek N. Improving pseudo relevance
feedback based query expansion using genetic fuzzy
approach and semantic similarity notion. Journal of
Information Science 2014; 40(4): 523-537.

Araujo L and PerezAguera JR. Improving query
expansion with stemming terms: a new genetic algorithm
approach. In: Proceeding of 8" European Conference on
evolutionary computation in combinatorial explosion,
2008, pp. 182-193.

Cecchini RL, Lorenzetti CM, Maguitman AG and
Brignole NB. Using genetic algorithms to evolve a
population of topical queries. Information Processing &
Management 2008; 44(6): 1863-1878.

Swets JA. Information retrieval systems. Science 1963;
141(3577): 245-250.

Broookes BC. The measure of information retrieval
effectiveness  proposed by swets. Journal of
Documentation 1968; 24(1): 41-54.

Robertson SE, Walker S, Jones S, Beaulieu MMH and
Gatford M. Okapi at TREC-3. In: Proceedings of the
third Text REtrieval Conference, 1995, pp. 109-126.
Kelly JS. Social Choice Theory: An Introduction. 1st
edn., Springer-Verlag, 1988.

Fox EA and Shaw JA. Combination of Multiple Searches.
In: Proceedings of the 2nd Text REtrieval Conference,
1994, pp. 243-252.

Wei Z, Gao W, Ganainy TE, Magdy W and Wong KF.
Ranking model selection and fusion for effective micro
blog search. In: proceedings of the Ist international
workshop on Social media retrieval and analysis, 2014,
pp. 21-26.

Leacock C and Chodorow M. Combining Local Context
and WordNet Similarity for Word Sense Identification in


http://dblp.uni-trier.de/pers/hd/p/Pareek:Narendra
http://dblp.uni-trier.de/db/journals/jis/jis40.html#BhatnagarP14
http://dblp.uni-trier.de/db/journals/jis/jis40.html#BhatnagarP14

ATLANTIS
PRESS

International Journal of Computational Intelligence Systems, Vol. 10 (2017) 34-55

22.

23.

24.

25.

26.

WordNet. An Electronic Lexical Database, Cambridge,
MIT Press, 1998, pp. 265-283.

Resnik P. Using information content to evaluate semantic
similarity. In: Proceedings of 14th International Joint
Conference on Artificial Intelligence, Montrea, 1995, pp.
448-453.

Wu Z and Palmer M. Verb Semantics and Lexical
Selection. In: Annual Meeting of the Associations for
Computational Linguistics, 1994, pp. 133-138.

Miao J, Huang X and Ye Z. Proximity-based rocchio’s
model for pseudo relevance feedback. In: Proceedings of
35th annual international ACM SIGIR conference on
research and development in information retrieval, 2012,
pp- 534-544.

Robertson SE, Walker S, Jones S, Beaulieu MMH and
Gatford M. Okapi at TREC-3. In: Proceedings of the
third Text REtrieval Conference, 1995, pp. 109-126.
Hiemstra D. A linguistically motivated probabilistic
model of information retrieval. In Research and advanced

55

27.

28.

29.

30.

technology for digital libraries, Springer, 1998, pp. 569-
584.

Aguera JRP and Araujo L. Comparing and Combining
Methods for Automatic Query Expansion. In: Advances
in Natural Language Processing and Applications,
Research in Computing Science 2008; 33: 177-188.
Zhang X, Wang S and Huang G. Query Expansion based
on Associated Semantic Space. Journal of Computers
2011; 6(2): pp. 172-177.

Zhu Z, Chen X, Zhu Q and Xie Q. A GA-based query
optimization method for web information retrieval.
Applied Mathematics and Computation Elsevier 2007;
185(2): 919-930.

Diaz F and Metzler D. Improving the estimation of
relevance models using large external corpora. In:
Proceedings of the 29th annual international ACM SIGIR
conference on Research and development in information
retrieval, 2006, pp. 154-161.



	1. Introduction
	2. Proposed Rank Aggregation with Semantic and Genetic Algorithm based AQE Model
	2.1. Algorithmic Steps of Proposed Model

	3. The Main Text
	3. Query Expanding Terms Selection Methods
	3.1. Chi-square based Query Expansion
	3.2. Co-occurrence based Query Expansion
	3.3. Binary Independence Model based Query Expansion
	3.4. Robertson Selection Value based Query Expansion

	4. Rank Aggregation Approaches to Query Expansion Term Selection Methods
	4.1. Rank Aggregation using Query Expansion Terms Rank Positions
	4.1.1 Borda ranking approach
	4.1.2 Condorcet ranking approach
	4.1.3 Reciprocal ranking approach

	4.2. Rank Aggregation using Query Expansion Term Scores
	4.2.1 SumScore ranking approach

	4.3. Rank Aggregation and Semantic Filtering based Query Expansion
	4.4. Rank Aggregation with Semantic and Genetic based Query Expansion
	4.5. Methods for Reweighting the Expanded Query Terms

	5. Experimental study
	5.1. Methodology
	5.1.1 Baseline Model
	5.1.2 Parameter setting
	5.1.3 Datasets
	5.1.4 Evaluation parameters

	5.2. Comparison of Individual Query Expanding Terms Selection Methods
	5.3. Comparison of Ranks Aggregation Methods
	5.4. Comparison of Ranks Aggregation using Semantic Filtering based Methods
	5.5. Comparison of Ranks Aggregation using Semantic Genetic Approach based Methods
	5.6. Statistical Analysis
	5.6.1 Statistical significance of proposed approaches

	5.7. Summary

	6. Conclusion and Future Work
	References


<<

  /ASCII85EncodePages false

  /AllowTransparency false

  /AutoPositionEPSFiles true

  /AutoRotatePages /None

  /Binding /Left

  /CalGrayProfile (Dot Gain 20%)

  /CalRGBProfile (sRGB IEC61966-2.1)

  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)

  /sRGBProfile (sRGB IEC61966-2.1)

  /CannotEmbedFontPolicy /Error

  /CompatibilityLevel 1.4

  /CompressObjects /Tags

  /CompressPages true

  /ConvertImagesToIndexed true

  /PassThroughJPEGImages true

  /CreateJobTicket false

  /DefaultRenderingIntent /Default

  /DetectBlends true

  /DetectCurves 0.0000

  /ColorConversionStrategy /CMYK

  /DoThumbnails false

  /EmbedAllFonts true

  /EmbedOpenType false

  /ParseICCProfilesInComments true

  /EmbedJobOptions true

  /DSCReportingLevel 0

  /EmitDSCWarnings false

  /EndPage -1

  /ImageMemory 1048576

  /LockDistillerParams false

  /MaxSubsetPct 100

  /Optimize true

  /OPM 1

  /ParseDSCComments true

  /ParseDSCCommentsForDocInfo true

  /PreserveCopyPage true

  /PreserveDICMYKValues true

  /PreserveEPSInfo true

  /PreserveFlatness true

  /PreserveHalftoneInfo false

  /PreserveOPIComments true

  /PreserveOverprintSettings true

  /StartPage 1

  /SubsetFonts true

  /TransferFunctionInfo /Apply

  /UCRandBGInfo /Preserve

  /UsePrologue false

  /ColorSettingsFile ()

  /AlwaysEmbed [ true

  ]

  /NeverEmbed [ true

  ]

  /AntiAliasColorImages false

  /CropColorImages true

  /ColorImageMinResolution 300

  /ColorImageMinResolutionPolicy /OK

  /DownsampleColorImages true

  /ColorImageDownsampleType /Bicubic

  /ColorImageResolution 300

  /ColorImageDepth -1

  /ColorImageMinDownsampleDepth 1

  /ColorImageDownsampleThreshold 1.50000

  /EncodeColorImages true

  /ColorImageFilter /DCTEncode

  /AutoFilterColorImages true

  /ColorImageAutoFilterStrategy /JPEG

  /ColorACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /ColorImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000ColorACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000ColorImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasGrayImages false

  /CropGrayImages true

  /GrayImageMinResolution 300

  /GrayImageMinResolutionPolicy /OK

  /DownsampleGrayImages true

  /GrayImageDownsampleType /Bicubic

  /GrayImageResolution 300

  /GrayImageDepth -1

  /GrayImageMinDownsampleDepth 2

  /GrayImageDownsampleThreshold 1.50000

  /EncodeGrayImages true

  /GrayImageFilter /DCTEncode

  /AutoFilterGrayImages true

  /GrayImageAutoFilterStrategy /JPEG

  /GrayACSImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /GrayImageDict <<

    /QFactor 0.15

    /HSamples [1 1 1 1] /VSamples [1 1 1 1]

  >>

  /JPEG2000GrayACSImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /JPEG2000GrayImageDict <<

    /TileWidth 256

    /TileHeight 256

    /Quality 30

  >>

  /AntiAliasMonoImages false

  /CropMonoImages true

  /MonoImageMinResolution 1200

  /MonoImageMinResolutionPolicy /OK

  /DownsampleMonoImages true

  /MonoImageDownsampleType /Bicubic

  /MonoImageResolution 1200

  /MonoImageDepth -1

  /MonoImageDownsampleThreshold 1.50000

  /EncodeMonoImages true

  /MonoImageFilter /CCITTFaxEncode

  /MonoImageDict <<

    /K -1

  >>

  /AllowPSXObjects false

  /CheckCompliance [

    /None

  ]

  /PDFX1aCheck false

  /PDFX3Check false

  /PDFXCompliantPDFOnly false

  /PDFXNoTrimBoxError true

  /PDFXTrimBoxToMediaBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXSetBleedBoxToMediaBox true

  /PDFXBleedBoxToTrimBoxOffset [

    0.00000

    0.00000

    0.00000

    0.00000

  ]

  /PDFXOutputIntentProfile ()

  /PDFXOutputConditionIdentifier ()

  /PDFXOutputCondition ()

  /PDFXRegistryName ()

  /PDFXTrapped /False



  /CreateJDFFile false

  /Description <<



    /BGR <>

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>

    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>

    /CZE <>

    /DAN <>

    /DEU <>

    /ESP <>

    /ETI <>

    /FRA <>

    /GRE <>



    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)

    /HUN <>

    /ITA <>

    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>

    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>

    /LTH <>

    /LVI <>

    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)

    /NOR <>

    /POL <>

    /PTB <>

    /RUM <>

    /RUS <>

    /SKY <>

    /SLV <>

    /SUO <>

    /SVE <>

    /TUR <>

    /UKR <>

    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)

  >>

  /Namespace [

    (Adobe)

    (Common)

    (1.0)

  ]

  /OtherNamespaces [

    <<

      /AsReaderSpreads false

      /CropImagesToFrames true

      /ErrorControl /WarnAndContinue

      /FlattenerIgnoreSpreadOverrides false

      /IncludeGuidesGrids false

      /IncludeNonPrinting false

      /IncludeSlug false

      /Namespace [

        (Adobe)

        (InDesign)

        (4.0)

      ]

      /OmitPlacedBitmaps false

      /OmitPlacedEPS false

      /OmitPlacedPDF false

      /SimulateOverprint /Legacy

    >>

    <<

      /AddBleedMarks false

      /AddColorBars false

      /AddCropMarks false

      /AddPageInfo false

      /AddRegMarks false

      /ConvertColors /ConvertToCMYK

      /DestinationProfileName ()

      /DestinationProfileSelector /DocumentCMYK

      /Downsample16BitImages true

      /FlattenerPreset <<

        /PresetSelector /MediumResolution

      >>

      /FormElements false

      /GenerateStructure false

      /IncludeBookmarks false

      /IncludeHyperlinks false

      /IncludeInteractive false

      /IncludeLayers false

      /IncludeProfiles false

      /MultimediaHandling /UseObjectSettings

      /Namespace [

        (Adobe)

        (CreativeSuite)

        (2.0)

      ]

      /PDFXOutputIntentProfileSelector /DocumentCMYK

      /PreserveEditing true

      /UntaggedCMYKHandling /LeaveUntagged

      /UntaggedRGBHandling /UseDocumentProfile

      /UseDocumentBleed false

    >>

  ]

>> setdistillerparams

<<

  /HWResolution [2400 2400]

  /PageSize [612.000 792.000]

>> setpagedevice



