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Abstract

Query expansion aims to solve the vocabulary mismatch
problem by adding new terms to the original query or
reweighting existing query terms. Since there are external
sources available, it challenges to select the right source for
each query expansion. Useful terms of the right expansion
source result in increasing the rank of relevance documents.
We propose the selective source expansion in health information
retrieval framework. Our source selection method is based
on the relative entropy of two probability distributions. These
probability distributions estimate from pairs of terms in the
query and pairs of terms in the collection, respectively, instead
of the individual query term. The proposed framework
improves retrieval performance from baseline retrieval,
traditional query expansion, and existing selective query

framework as well.

Keywords: Selective Query Expansion, Clarity, Query

Performance Prediction, Health Information Retrieval.

1. Introduction

This paper aims to improve traditional query expansion
approach by selecting the most effective source to expand the
health-related query. The original of this work was presented
in ICSEC2016 [1]. This paper extends the original work by
modifying the formula of source selection method and
explores the results in more details.

In the beginning, query expansion (QE) [2] aims to solve
the vocabulary mismatch problem in information retrieval.
Typically, the original query is expanded by related terms and

possibly re-assigned query terms weight. Sources of terms
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and re-weighting method are keys important to query expansion.
The first-round retrieval result is the pseudo-relevance feedback
(PRF) which is a commonly used as a source of related terms.
Additionally, there are many sources available. If the external
source relates to the user’s query and collection, therefore
new terms may be introduced from the external source.
Applying PRF method to the external collection is called
external-PRF expansion in this paper. Typically, when using
the external sources for expansion [3], [4], large collections
are often recommended such as Wikipedia (https://www.
wikipedia.org) and the Genomics (http:/trec.nist.gov/data/
gennomics.html).

Although traditional query expansion yields better
retrieval performance, some queries are worse and known
as the drifting problem. The selective query expansion (SQE)
proposes to use different expansion methods for each query.
There are various approaches [5], [6], [ 7] to the SQE framework.
The first SQE framework determined which query needs to
expand by using query prediction performance [5]. On the
other hand, a different setting on the number of documents
in the first-round retrieval result has been examined [6].
Moreover, using a different source for each query expansion
has been reported [7].

The query performance prediction (QPP) [8-11] is
commonly used in the selective query expansion frameworks.
In the beginning, QPP aims to predict retrieval performance
of retrieval systems based on characteristics of the queries.
There are two prediction types of query performance
prediction; pre- and post-retrieval. The pre-retrieval QPP
methods use information of collection such as term

frequency and the number of documents whereas the
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post-retrieval QPP methods use more information such as the
first-round retrieval. Therefore the post-retrieval QPP methods
are more robustness.

The above SQE frameworks [5], [6] based on unambiguity
of terms in query and in pseudo-relevance feedback known
as the query clarity [ 10] and another framework [7] based on
the query specificity [11]. Since the query clarity takes more
information to process than the query specificity thus it
predicts more robustness.

Although those SQE frameworks [5], [6] predicted with
more robustness method, their expansion source based on one
target collection. Applying these frameworks to the external
collections are challenged. On the other hand, the SQE
framework [7] used the less robustness prediction method to
select between target and external collection. From these
mentioned challenges, we propose the SQE framework that
selects between a target and two external collections with the
more robust prediction method.

We evaluate our proposed SQE framework on two query
sets of the CLEF eHealth collection (http://clefehealth2.14.
dcu.ie/task-3/dataset). Each query set reflects different
scenarios of query formulation. For instance, lay people may
have a discharge summary that reports the health condition
[12]. They may use medical terms from the discharge
summary as keywords to search for more detail easily. On
the other hand, lay people formulate the query by themselves
may use general words to explain their health condition [13].
These general terms may appear in different kind of related
health documents. Thus, queries with more general terms tend
to be ambiguous. The query clarity method predicts the
unambiguity based on individual term.

However, in general, lay people usually use collocations
to talk about general health-related problems such as “bad
back”, “bad leg”, and “sore throat” (https://www.ecenglish.
com/learnenglish/lessons/how-talk-about-health-problems).
These collocations are examples of the pair of terms in the
query. We hypothesize that a pair of general terms is less

ambiguity than the individual. Therefore existing methods
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that consider individual terms should be revised.

Our novel prediction method is the Pair Clarity score
where a pair is any two terms occurred within the text window.
This score is used to select the one source for query expansion
in our SQE framework.

The contributions of this work are as follows.

* An automatic query expansion framework to select a
source of expansion between a target and two external
related health collections.

¢ The Pair clarity, a novel method to predict expansion
source and derived from the pair of query terms.

* An investigation of the Specificity method on SQE
framework in health-related retrieval.

* An evaluation of the Clarity method on the source selection

for query expansion in the health-related retrieval.

2. Related Work

2.1 Retrieval Models

There are three classical retrieval models [14]; the Boolean
model, the vector space model, and the probabilistic model.
The unigram language model (LM) [15] is a well-known
probabilistic retrieval model.

Three main components of a retrieval process are a
collection of documents, a query set, and a ranking method.
In the LM model [15], the probability distribution of terms
in a document represents the document model. The probability
distribution of terms in a query is called query model.
The likelihood of the query model according to the document
model is using as a ranking method. It is known as the query
likelihood scoring method [16]. With the document smoothing
[17], the probability distribution of missing terms in the
document interpolates with the probability distribution of that
terms in the collection. This result gives a better retrieval
performance.

2.2 Query Expansion Models

The relevance model (RM) [18] and the simple mixture
model (SMM) [19] are commonly used in expansion. These two

methods are grounded from the pseudo-relevance feedback
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(PRF) paradigm [20] that takes the first-round results to the
query expansion process.

2.3 External Source for Query Expansion

The RM [18] method has been further improved by many
researchers, especially by external expansion approaches [3],
[21], [22]. The objective of these works is to find expansion
terms from many sources. The mixture of relevance model
(MoRM) [3] applied the traditional relevance model to the
external collections. The probability distribution of all
collections is balanced weight. Furthermore, The external
expansion model (EEM) [21] was weighted collections
differently. Finally, the cluster-based external expansion
(CBEEM) model [22] grouped PRF documents according to
their similarities and then used these clustered documents to
estimate the model.

2.4 Selective Query Expansion

The objective of selective query expansion is to take
different actions when doing an expansion [5], [6], [7].
Retrieval effectiveness of SQE methods is better than the
traditional query expansion. We introduce three approaches
of the selective query expansion frameworks which each
framework proposed for different situations.

The first SQE framework [5] solved to prevent the query
drifting problem. The first PRF model estimated from the
original query retrieval. The second PRF model derived from
the expanded query retrieval. The original query will be
selected to prevent the query drifting problem when the
probability distribution of significant terms of the second
model are lower.

The second SQE framework [6] proposed to select the
most effectiveness expanded query. The candidate query
models are derived from the various settings of PRF; the
number of documents in PRF and number of expansion terms.
The chosen query model should be similar to the PRF model
of the original query retrieval and dis-similar to the collection
model. These first two SQE frameworks [5], [6] employed
the Kullback-Leibler divergence or relative entropy to

measure the dissimilarity between the two models.
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The last SQE framework [7] proposed to select the sources
for the expansion grounded on the specificity of the query
terms.

2.5 Query Performance Prediction

In the beginning, the query performance prediction aims
to predict the performance of retrieval system when
processing the query [8-11]. Interestingly, all previous SQE
frameworks [5], [6], [7] applied the query performance
prediction in the selection process.

The third SQE framework [7] employed the Average of
Inverse Collection Term Frequency (AVICTF) [11] as a
prediction method whereas the first two SQE frameworks [5],
[6] employed the Clarity score as the grounded formula.

The AVICTF [11] is derived from the statistical information
of a collection and a query without the retrieval process. It is
a kind of pre-retrieval QPP method [23]. With an assumption
that if terms occur not very often in a collection, it implies
that these terms focus on some aspect. The pre-retrieval QPP
method makes it easy to retrieval system to retrieve relevance
documents. Therefore the query with high specificity is
predicted as a well-performing query.

On the other hand, the post-retrieval QPPs use the
first-round retrieval in the prediction process [9]. For example,
the Clarity score [ 10] is the relative entropy of two distributions.
The first distribution is the query relevance model which
estimated from the first-round retrieval documents. The second
distribution is the collection model; the probability of a term
in the collection. The Clarity score is high if query terms are
more density in the query relevance model than in the collection

model.

3. Selective Source Expansion Framework

The proposed SQE framework consists of three main
processes; retrieval, source selection and query expansion as
shown in Figure 1. This framework processes with three
collections that are target collection and two external collections.
The workflow of our framework is as follows.

The first-round retrieval process uses the original query
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to retrieve in three collections. The first-round retrieval results

are three PRF sets from all collections.

/ Query /
v

Target .
Colleftion 1* Retrieval
CLEF v
Three PRF Sets
External %ﬂ
Collection :
GNOME ‘ Source Selection
External Qutry
Collection Expansion
OHSUMED v
Expanded Query
Target M{\
Collection 2" Retrieval

CLEF

v

One Result Set
\__/__\

Figure 1. Selective source for query expansion framework

in the health-related retrieval.

Then all PRF sets are used in the source selection process.
Only one PRF with the highest predicting score is selected.

The query expansion process finds candidate terms in the
selected source. The expanded query is the original query
along with the candidate terms.

Finally, the second-round retrieval retrieves in the target
collection with the expanded query.

3.1 Retrieval Processes

Given original query Q = ¢, ¢5,..,0n, document D is ranked
with the query-likelihood score [16] that defined as follows

(4;,©)

c(g;, D)+
<]

0L©Q D) =" log (1)

|D|+

where ¢i is the ith query term. ¢(¢;,D) and ¢(q;,C) are the
count of query term ¢; in document D and collection C,

respectively. |D| and |C| are the total number of terms in
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document D and collection C respectively. 4 is the Dirichlet
smoothing parameter [17].

For the second-round retrieval, the target collection
retrieves with the expanded query, using the Kullback-Leibler
divergence approach [24]. This approach hypothesized that
the relevant documents should be similar to the query
relevance model and dissimilar to the collection model.

The document ranking score is defined as follows

KUy D)=, P M%JI@% @

where p(w|@or) is the query relevance model. ps(w|@b) is
the smoothed document model and p(w|fc¢) is the collection
model estimated as p(w|8c) = c(w, C)/|C| where c(w, C) is the
frequency of the word w in the collection C. The number of
word occurrences in the collection denoted as |C]|.

The query relevance model as defined in Equation (8) and
will be explained in the Query Expansion Process section.

The smoothed document model [17] is defined as follows

e, )<L LTI)JT = bee) )

where c(w, D) is the term frequency of the word w in the
document D, u is the Dirichlet smoothing parameter [17] and
p(w|@c) is the collection model.

3.2 Source Selection Method with Pair Clarity

In this section, we explain our proposed method for
predicting the quality of expansion source based on pairs of
terms in the first-round retrieval results.

We use v to denote a pair of terms; v = (¢s, tw). Any two
terms that occur within some text window size is pared. The
window size in this paper is 7; the estimation of the sentence
length after removing stop-words. Any pair that occurred
within a document more than twice is useful.

The probability distribution of pairs of terms in a
collection is called the pair collection model. We estimate
the pair collection model using the maximum likelihood;
p(V|@cv) = c(v; Cv)/|Cy| where ¢(v; Cv) is the frequency of the
pair v in collection C and |Cy| is the number of all pairs

occurred in the collection.
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We also estimate the pair feedback model using the
maximum likelihood; pr(v|@rv) = c(v; Fv)/ Fv where c(v; Fv)
is the frequency of the pair v in the PRF documents and |Fv|
is the number of all pairs occurred in the PRF documents.

Any two terms in the original query within window size
are paired together. For original query QO = ¢, g-,..,gn, a set of
pairs is Qv = vy, v,..,vm, Where vx = (g1, gk)

With an assumption that if the pair of two general terms
has often occurred in a small set of documents, then the
clarity score of this pair should be more than considering
individually.

The Pair Clarity score is a summation of the KL divergence
between the pair feedback model and the pair collection

model and formally defined as in Equation (4)

. ~ pF(v‘aF ) 4
PerS(QV,F)—VEZQ“VpF(v\&F )logm “4)

Since each collection has the different aspect, we define
the free parameter g, called the collection-dependent parameter.
The collection with the maximum value of the Pair Clarity
score along with the collection dependent parameter is
selected as follows
ExpSource = max(pe PairCSe, o PairCSe, po PairCSo) (5)

where ge, feand po are the collection dependent parameters
of the CLEF collection [12] , the GNOME collection [25],
and the OHSUMED collection [26], respectively. The Pair
Clarity score for each collection has denoted in the formula
as the PairCS with the subscript of a collection first letter.

3.3 Source Selection Method with Existing Query
Performance Predictions

We evaluate our proposed method in the effectiveness of
source selection by comparing with two existing methods;
the Specificity [11] and the Clarity [10]. The Specificity can
be presented in the form of the KL divergence between the

original query model and the collection model as follows

p(wo)

Specificity (0, C)= 2., P (W\Q)logm ©

where p(w|Q) is the original query model estimated by

the maximum likelihood method and p(w|6@c) is the collection
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model.
The Clarity [10] derives from the KL divergence of the
query relevance model and the collection model defined as

follows
p(W‘HR)

p W‘gc

Clarity(©, ©) = Y., p(w]6, )log (7)

where p(w|@r) is the query relevance model as defined in
Equation (9) and p(w|fc) is the collection model.
3.4 Query Expansion Process
Our query expansion process is the same process as the
relevance model (RM3) [18] that first estimate query relevance
model from the PRF documents and then we interpolate the
model with the original query model.
The RM3 model [18] is defined as follows
prus(w|0r) = (1-a)p(w| Q) +ap(w|6r) ®)
where p(w|Q) is the original query model estimated by
the maximum likelihood method. a is the interpolated
feedback coefficient. p(w|0r) is the first relevance model and
defined as
P16 =3, puiD)p(Dl0) ©)
where p(D|Q) is the score of the document D given a
query Q derived from Equation (1) and F is the PRF
documents which are results from the first-round retrieval.
p(w|D) is the probability of the word in document D which
derives as ps(w|@p) in Equation (3).
If the selected source based on our prediction method is
the external collection, then the RM3 will be applied to use

the external instead.

4. Experiments

We conduct the experiments to evaluate our proposed
method with two query sets of one target collection. In this
section, we first present three health-related collections and
then introduce the retrieval tool which we have employed.
Finally, we describe all retrieval settings; baseline, traditional
query expansion and SQEs retrieval.

4.1 Health Related Collections

The CLEF eHealth which provided by the Khresmoi
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project (http://clefehealth2.14.dcu.ie/task-3/dataset) is the
target collection. This dataset contains one million web
pages from reliable sources about health-related information;
denoted as CLEF in this paper.

We evaluate two query sets of the CLEF eHealth dataset;
denoted as Q2014 and Q2015. The Q2014 query set[12] aims
to help lay people to find relevance documents in case that
they use medical terms from discharge summary to search
for more information. On the other hand, the Q2015 query
set [13] is assumed that lay people formulate query without
discharge summary by using general words instead. These
two query sets are different in the aspect of query terms
significantly.

External collections are bio-literature collections from
the online-medical information database; known as the
MEDLINE database (https://www.nlm.nih.gov); GNOME
[25]and OHSUMED [26] collections. The GNOME collection
[25] is a test collection in the genomics domain that contains
a ten-year subset of 4.5 million MEDLINE records.
The OHSUMED collection obtained by William Hersh [26]
which contains a five-year subset of 348,566 medical journals.

4.2 Indexing and Retrieval Tool

The Indri Lemur toolkit is the tool for indexing and
retrieval process (https://www.lemurproject.org/). This tool
supports the query-likelihood ranking method and the KL
divergence as described in Equation (1) and (2).

In the indexing process, the CLEF’s web pages are cleaned
by removing HTML tags and then removing the stop words.
Finally, each word is stemmed using the Krovetz stemming
algorithm [27].

For two external collections, the title, abstract, and
medical subject heading (MeSH) are represented as a content
of the documents. Then, the same process of indexing of the
target collection is repeated.

4.3 Run Objectives and Parameter Settings

When all collections are ready, we start experiments with
the baseline retrieval. Next, we examine traditional query

expansion which uses the target collection as expansion source
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for all queries; Target-PRF. Then three selective query
expansion frameworks are evaluated; SQE-PariCS,
SQE-Specificity, and SQE-Clarity. The description of each

run are explained in Table 1.

Table 1. Retrieval run and description.

Run Description
Baseline Original query retrieval
Target-PRF CLEF expansion for all queries
SQE-PairCS Selected source expansion for each

queries using the Pair Clarity score

SQE-Specificity Selected source expansion for each

queries using the Specificity score

SQE-Clarity Selected source expansion for each

queries using the Clarity score

Table 2. Parameter settings.

Process Setting
Retrieval Dirichlet smoothing (p) = 1000
Query PRF in traditional QE =10
Expansion PRF in selective QE =100

Top terms = 15
Feedback coefficient (o) = 0.8

PREF in Pair Clarity = 1000
PRF in Specificity = 0

PRF in Clarity = 200

CLEF dependent () =2.0
GNOME dependent () = 1.0
OHSUMED dependent ()= 1.0

Source Selection

All parameters are shown in Table 2. This setting is based
on the best results of our preliminary studies. In external
expansion process, the number of documents in PRF is more
than the traditional expansion. The collection-dependent
parameter of the CLEF is higher than others because of a

lower number of specific terms.

5. Results and Discussion

There are four parts of the results that are discussed in
this section. The first part is the retrieval performance of two
query sets that evaluated by the standard tool. To demonstrate
the different performance of baseline retrievals of two
characteristic query.

The second part is the comparison of prediction performance.
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We also uncover the underlying process of each prediction
method in the third part. Finally, we focus on our pair clarity
method on the right source selection along with expanding
terms from all collections.

5.1 Retrieval Performance

The trec_eval (http://trec.nist.gov/trec_eval/) is a standard
tool used for evaluating the retrieval performance of the
query set. We report three main retrieval performances; the
number of relevance return (num_rel ret), the Mean Average
Precision (MAP), and the precision at ten documents (p@10).
The right-most two columns in Table 3 represent baseline
retrieval with the original query; Baseline-Q2014 and
Baseline-Q2015. Each record in Table 3 is describing as
follows. The num_rel ret is the total number of relevant
documents of all queries in the set. The MAP is the average
value of the mean average precision of all queries in the
query set. The p@]10 is the average of the precision at top ten

documents of all queries.

Table 3. Baseline retrieval performance.

Baseline-Q2014 Baseline-Q2015

num_rel ret 2429 1300
Map 0.3297 0.1391
p@10 0.7460 0.2894

From Table 3, three retrieval performances of the first
query set are better than the second query set. Since the
characteristic of the first query set assumed that users have
known the medical terms and formulate the query using these
terms, the query set tends to specific than the second set. With
the more specific query, the retrieval system can retrieve
relevant documents in a higher number.

To compare all retrieval approaches, we show the Mean
Average Precision (MAP) of all runs in Table 4. Each record
in Table 4 represents retrieval approach which evaluates on
each query set. There are five retrieval approaches; the baseline
retrieval, the traditional query expansion, and the three selective
query expansions. In Baseline record, the values of Q2014

and Q2015 are taken from Table 3. The last column presents
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the total value of MAP from two query sets. of two query
sets. The Target-PRF record retrieves with target source
expansion for all queries. Each SQE record retrieves with

different source expansion for each query.

Table 4. Mean average precision of all retrievals.

Run Q2014 Q2015 Total
Baseline 0.3297 0.1391 0.4688
Target-PRF 0.3305 0.1558 0.4868
SQE-PairCS 0.3378 0.1523 0.4901
SQE-Specificity 0.3347 0.1493 0.4840
SQE-Clarity 0.3370 0.1436 0.4805

From Table 4, the overall performance of traditional
query expansion; Target-PRF, of two query sets improves
from baseline retrieval. Similarly, the overall performance of
selective query expansions of two query sets also improves
from baseline retrieval. Among three selective frameworks,
the SQE-PairCS performance is maximum in two query sets.
In the total, our SQE-PairCS performance is the best
retrieval approach.

5.2 Prediction Performance

All queries right prediction by each method is showing
in Table 5. There are three rows for each prediction method.

The last column also presents the total of two query sets.

Table 5. Number of right source predicted queries.

Run Q2014 Q2015 Total
SQE-PairCS 17 24 41
SQE-Specificity 21 16 37
SQE-Clarity 18 23 41

From Table 5, the SQE-PairCS and the SQE-Clarity
have the most number of queries right prediction. The
SQE-Specificity is best only on the first query set which is
the more specific query.

5.3 Exploring Prediction Process
Now we examine how prediction methods are working. The
example query is “dry feel with irritation.” The best source

for expansion of the example query is the CLEF collection.
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We start with a novel method; the Pair Clarity, and then two
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Table 8. Clarity scoring.

existing methods; the Specificity and the Clarity as shown in Word Cloud T e
Table 6-8. ;
pain CLEF
In Table 6, the Pair column is the pair of query terms from symptom prggg g 5 656
the original query. Other three columns are the Pair Clarity doctor 8CN€ emollient
make tearirritate condition
for each pair of the collection. The last row is the Pair Clar- cause dary ., nelp
, , , ~ care feelgkin >eat
ity score of the collection. The high score the more effective eczema 2 Sia
sensitivecontact
source. medicate
From the results in Table 6, two external collections do information
not contain these pairs. Therefore the score is zero. Because significant GNOME
this query consists of more general terms, they occur not repevrg:sggsltarg;oup 3246
often in the more specific collections. womenAn, 2 tearStUd
ot dry mfmouth
. . . eye ‘—feel assess
Table 6. Pair clarity scoring. condition -=skin treat
) result SYymptom score
Pair CLEF GNOME OHSUMED relate subjectcompare
dry feel 0.00022 0.00 0.00
dry irritation 0.00 0.00 0.00 'ttemal e ) OHSUMED
reportage resu 1.917
feel dry 0.00022 0.00 0.00 patient EQ ae study
feel irritation 0.00011 0.00 0.00 %aftse - (feelcase
adiileye "=drY treat
irritation dry 0.00 0.00 0.00 male = test
- symptom effect
irritation feel 0.00011 0.00 0.00 human middle
response
Score 0.00066 0.00 0.00
Table 7. Specificity scoring. The more general terms such as “feel”, “dry”, and “irritation
in the target collection are less specificity than two external
Term CLEF | GNOME | OHSUMED ' . '
collections. With the specificity method, the selected source
feel 10.7280 14.400 15.3200 ) )
is the OHSUMED collection.
dry 11.8251 13.200 14.0900 ' . .
Table 8 shows word cloud of terms with the different size
irritation 13.3256 15.480 16.0029 ) . )
according to clarity score of each term. The right-most column
Score 11.9595 14.420 15.1392

In Table 7, the Term column is the query term while
other left columns are the specificity of each collection. The
Score in the last record is the average of term specificity as
defined in Equation (6). Since the specificity method is the
pre-retrieval QPP method, it considers only query terms in
the collection. Typically, the specificity of the general terms
is low in the general domain collection. On the other hand,
the specificity of the general terms is high in the specific

domain collection.
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shows both collection and its Clarity score.

The Clarity score as defined in Equation (7) is deriving
from original query and the PRF set. Some related terms in
the 200 documents are used to indicate the cohesion of topics
in the PRF set. If PRF set is focusing on some topic, the
clarity score of related terms is high. However, when compar-
ing clarity score across collections, the more general terms
tend to have a higher clarity than usual. Therefore, with the

Clarity method, the GNOME collection is selected.

115 2009 2 nIngas - SuNAN 2562
Vol. 15, No. 2, July - December 2019



ra

5.4 Exploring Terms of Selected Source

Finally, we demonstrate how the Pair Clarity score relates
to the useful terms for expansion by examining three queries
in Table 9 and Table 10 together.

By presenting the results of source prediction and terms
derived from the source, we organize tables into three rows.
Table 9 shows three queries along with the Pair Clarity
method for all collections. The Query column is the original
query that in the form of a pair. The next three columns
represent the Pair Clarity score in the collection.

For each query in Table 9, only one of three sources has
the highest score which becomes the selected source. In Table
10 shows expanded query with the selected source. The size
of the term is according to its weight in the query relevance
model. Typically, the size of the original terms is larger than

the expanded terms.

Table 9. Pair Clarity scoring example.

Query CLEF GNOME | OHSUMED
rosacea symptom 0.01310 0.0008 0.0000
cerebral aneurysm 0.000231 0.0690 0.0146
black tooth 0.0000 0.0000 0.0030

From Table 9, there are three cases of the Pair Clarity
scores. One source is zero on the Pair Clarity score; two
sources are zero; and all sources are more than zero.

The first row is “rosacea symptom” query. There are two
collections that the Pair Clarity score is not zero, this is the
second case. Both CLEF and GNOME collections provide
common useful terms for expansion such as “ocular” and
“skin.” However, the unique term provided by the CLEF
collection is “dermatol.”

The second row is “cerebral aneurysm” query. This is a
specific query because it consists of more specific query terms
meanwhile the pair occurs more often in all collections. This
is the last case which all collections provide useful terms for
expansion.

The last row of Table 9 is “black tooth” query. The only

one collection that the Pair Clarity score is not zero is the
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Table 10. Word cloud of expansion terms from the right source.

‘Word Cloud Collection/Score

CLEF

Scause

“condition rosacea symptom

NOME
hemorrhage GNO

anterior

@ angiography
=

S =cerebral
saneurysm da

()]
—
=

ruptured
t

cerebral aneurysm

OHSUMED

patientage

case black tooth

human
fracture

®

[ —

2 report
dental
tooth

=
)
)
=

Malerooto ot pa

molar treat

OHSUMED collection. The useful terms acquired from the
OHSUMED collection are “molar”, “teeth”, and “dental” as

shown in Table 8.

6. Conclusion

The retrieval performance of query expansion is affected
by expanding terms and re-weighting method. Different
sources provide different expanding terms for each query.
Our proposed method is a novel source selection method;
called the Pair Clarity score, that extends from the query
prediction method. From the prediction performance results,
we can confirm our hypothesis that considering the query
using the pair terms is more effective than using individual
terms.

Factors of source selection are characteristic of the query,

collection, and the PRF set. The specificity method dominates
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in the query set that more specific. However, lay people form
queries without knowledge of medical terminology. Therefore
our proposed method works best for the more general query.

Our selective query expansion framework is reporting on
health-related retrieval. Therefore we choose the more
specific collections as external sources. With the limitation
of'the existing methods, our proposed method overcome with
boosting the target collection. Therefore the proposed
framework outperforms the others.

As reported, the overall retrieval performance of the
traditional query expansion method is improved from the
baseline retrieval with the small number of documents in the
PRF set; 10 documents. When using external collections that
more specific contents than the target collection, the number
of documents should be more than ten documents; 100
documents.

However, each collection has different characteristics.
Thus selecting a source for expansion is still challenging,

especially in health-related retrieval.
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