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Abstract

To support the practice of evidence-based medicine (EBM),
clinically relevant and scientifically sound articles should be
easily accessible. Due to the huge volume of medical litera-
ture and the low performance of present retrieval models,
clinicians could only get relevant documents in the order of
publication time. This study propose a new clinical task-
specific retrieval technique that improves retrieval accuracy
by exploiting clinical task-specific EBM terms to query expan-
sion using co-occurrence analysis technique. The idea is
aimed at selecting query expansion terms that are relevant to
a specific clinical-task using task-specific EBM terms. Focus-
ing on treatment and diagnosis tasks, the new method which
was performed on the OHSUMED collection showed a further
improved result than the existing method.
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Introduction

Evidence-based medicine (EBM) is the conscientious, explicit
and judicious use of current best evidence in making decisions
about the care of individual patients'. The exponential increase
of the volume of medical literature requires the development
of effective information retrieval strategies. Clinically relevant
and scientifically sound articles (i.e., high-quality) should be
accessible in a fast and easy manner, especially to support the
practice of EBM.

In terms of clinical activity there are four main clinical task
categories: treatment, diagnosis, etiology, and prognosis. EBM
defines methodological criteria for the task categories in order
to identify high-quality articles. For example, methodological
criteria for treatment task is defined as “random allocation of
participants to comparison groups; Outcome assessment of at
least 80% of those entering the investigation; analysis
consistent with study design” [2]. Based on the definition the
main task of the information retrieval strategy is to search
articles that meet the criteria for each clinical task.

Aiming at retrieving ranked relevant articles of high quality for
a given clinical query, this paper describes a new information

retrieval technique that uses EBM-related terms to improve
retrieval accuracy in a clinical task-specific ranking system.
Focusing on a treatment and diagnosis task, we suggest a new
query expansion strategy based on co-occurrence analysis with
clinical task-specific EBM terms as well as all query terms to
restrict query expansion to terms that are relevant to a given
clinical task in the principle of EBM.

Related Work

There have been different approaches to clinical task-specific
retrieval.

Haynes and colleagues [2-7] developed optimal MEDLINE
search strategies, called clinical query filters targetting four
clinical task areas: treatment, diagnosis, etiology, and
prognosis by validating diagnostic tests using proposed search
terms and their manually-constructed gold standard. The filters
were Boolean query strategies optimized for sensitivity and
specificity that were added to the original user query. They
were adopted by the U.S. NLM strategies for use in the
Clinical Queries feature [8] in PubMed. However, since the
query filter is Boolean form, it still retrieves thousands of
articles from MEDLINE when a common clinical term is
given as a user query (“breast cancer” for treatment task
category, for example). It displays too many or too small
number of articles depending on the user query. It also does
not support ranking of the retrieved articles according to
relevance to the user query.

Chu and colleagues [9, 10] proposed a knowledge-based query
expansion to support clinical task-specific retrieval. In their
retrieval system, the authors tried to expand the original user
query with additional terms that are specifically relevant to the
query’s task using domain knowledge source such as UMLS
Metathesaurus and semantic structure. Focusing on five types
of tasks such as treatment, diagnosis, prevention, cause, and
indication, they evaluated their approach on the OHSUMED
test collection for a subset of 40 queries explicitly mentioning
the tasks in the OHSUMED. Comparison of their approach
with no-expansion and statistical expansion approach based on
a co-occurrence thesaurus showed the effectiveness of their
approach over the traditional approaches. Rather than using a
knowledge source, we exploit clinical task-specific EBM
terms to restrict query expansion to task-specific terms in the
principle of EBM.
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Recently, some researchers dealt with clinical task-specific
retrieval using a text classification technique.

Aphinyanaphongs et al. [11] applied machine learning
techniques to identify high-quality articles in internal medicine
for the areas of treatment, diagnosis, etiology, and prognosis.
Using inclusion or citations by the ACP Journal Club[12] for
one specific time period as a gold standard, the authors
constructed test corpus and automatically built machine
learning models. They found support vector machine (SVM)
classifier shows the best performance and machine learning
techniques have better or comparable performance than the
1994 PubMed clinical query filters [13]. The results obtained
by Aphinyanaphongs et al. [11] were tested for the
generalizability to other gold standard used in the development
of PubMed clinical query filters by the work of Kilicoglu et al.
[14]. The authors confirmed that machine learning approaches
can be used to recognize high-quality articles.

Materials and Methods

Text Corpus

We used OHSUMED [15] as a test collection. It is a subset of
the MEDLINE database. It consists of 348,566 MEDLINE
references from 1987 to 1991, and 106 topics (queries) gener-
ated by actual physicians in the course of patient care. Rele-
vance judgments to each query are provided, with the scale of
“definitely relevant’, ‘possibly relevant’, and ‘not relevant’. In
this study, we limit relevant documents to those judged as
‘definitely relevant’ to retrieve high-relevant documents.

For the new clinical task-specific retrieval, we reviewed the
OHSUMED queries and selected 60 treatment-specific queries
and 26 diagnosis-specific queries according to the definition of
treatment and diagnosis task [2]. Among the 60 treatment-
specific queries, we use 57 queries with at least one definitely
relevant document for our treatment-specific experiments (see
Table 1).

Table 1 - Queries used for our experiments

Task Query IDs

Treatment | 1,2,5,10,13,15,16,18,19,22,24,27,29,30,31,32,
33,35,37,38,39,40,42,43,45,52,53,56,57,58,60
,61,62,63,64,67,69,71,72,73,74,75,76,77,78,7
9,81,84,85,88,89,91,94,98,100,102,104

Diagnosis 14,15,21,23,37,41,43,47,51,53,57,58,65,69,70

,72,74,76,80,81,82,92,97,99,101,103

Text Representation

For the document representation, MeSH, title and abstract
fields of each MEDLINE reference are used. For the index
generation, we parse the three fields from each MEDLINE
document as follows. First, all the texts in each field are token-
ized into single words. Each word is then processed by the
removal of stopwords identified by SMART stopwords. It is
further stemmed by the Lovins’ stemmer [16] and is case-

folded. Finally, all single-stemmed terms are indexed in the
form of inverted file.

A user query is represented by using information need field
from OHSUMED queries since it is the most likely user que-
ries issued in the information retrieval system, and is proc-
essed by the same text processing method mentioned above.

Document Ranking Model

As our baseline retrieval model for ranking retrieved docu-
ments according to relevance to the query, we implemented
the well-known Okapi BM25 weighting scheme [17], which is
a highly effective retrieval formula that represents the classic
probabilistic retrieval model [18, 19].

In the Okapi BM25 formula, the top-ranked documents are
retrieved by computing a measurement of similarity between a
query, ¢, and a document, d, as follows:

sim(q,d) = Z Wi Wou M
tegnd
v, @
o K +fui.r
[:(k3+1)-fqy,410 N-n+0.5 (3)
4. k, +fq)’ n+0.5

where ¢ is a term of the query ¢, w,, is the weight of the term #
in the document d, w,, is the weight of the term 7 in the query
g, n is the number of documents containing the term ¢ across
the document collection that contains N documents, f;, is the
frequency of the term ¢ in the document d and f;, is the fre-
quency of the term ¢ in the query ¢. K is k;((1-b) + b-dl/avdl).
k;, b, and k; are tuning parameters set to 1.2, 0.75, and 1,000,
respectively, by default. We use the default setting in this
study. Document length and average document length, d/ and
avdl respectively, are measured in suitable units such as the
number of terms or the number of bytes (in this study byte
length is used).

Clinical Task-Specific Query Expansion by Exploiting
EBM Terms

To retrieve topically relevant documents that pertain to a spe-
cific clinical-task and contain clinical evidence of high-quality,
we use clinical task-specific EBM terms.

We focus on treatment and diagnosis task for this study. By
employing and evaluating each task-specific EBM terms used
in the PubMed Clinical Queries and their combinations in our
preliminary experimentation, we define task-specific EBM
terms TASK-EBM as follows.

Treatment: “clinical trials therapeutic”
Diagnosis: “sensitivity specificity diagnosis diagnostic”
The EBM terms are utilized following two ways in this study.

Method 1. Simple expansion with EBM terms (SE-EBM): The
simplest way to use the EBM terms is to add these terms to the
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original query before the query is submitted to the system. We
refer this approach to SE-EBM.

Specifically, given a query ¢ for a specific clinical- task such
as treatment or diagnosis, input query to the system is built by
appending the query ¢ with the TASK-EBM terms of the clini-
cal task that are not found in the query, and then submitted to
the system. For the input query, the ranked retrieved docu-
ments are returned according to the score of Okapi BM25.

Method 2. Co-occurrence analysis with EBM terms (CO-
EBM): By extending the local context analysis (LCA) [20], we
propose a new query expansion approach to expand query with
additional task-specific terms using task-specific EBM terms.

EBM
i Terms
i Retrieved
Query Docs |
) (TopR)
Retrieval Local Context
Model Analysis
(BM25) (with EBM Terms)
Retrieved H
Docs ; <—| Query Term
i Reweighting Expanded Query |

Figure 1 - Co-occurrence analysis with EBM terms

Given a query g for a specific clinical-task, our new query
expansion is performed as follows. Let R be the number of
pseudo-relevant document, and let £ be the number of expan-
sion terms that are appended to the original queries. First,
query ¢ is submitted to the system and documents are retrieved
based on the Okapi BM25 for the given query. Then, the top-
ranked R documents retrieved for the query ¢ are assumed to
be relevant and are used as a source of expansion terms. After
extracting and merging all indexing terms from the top-ranked
R documents, each term ¢ is scored by:

. idf;
score(n= ] 5+10g10(f(t,k1)+1)><mf o

k;eqUTASK ~EBM lOgm R

where the function f (#,k;) measures the degree of co-
occurrence of term # with term £; in the query ¢ and the T4SK-
EBM terms of the clinical task, and idf; and idf; are inverse
document frequency of term ¢ and term £; , respectively. Each
factor is calculated by:

R
Fk)=Xef - 1f, ©)
j=1
idf - mm(l,logw#) (6)
idf, = min(l,%j ™

where ff;; is the frequency of term ¢ in document j, #f;; is the
frequency of term k; in document j, N is the number of docu-
ments in the collection, », is the number of documents in the
collection containing term ¢, and »; is the number of documents
in the collection containing term ;. The tuning parameter§ is

set to default 0.1. The TASK-EBM terms are employed to re-
flect co-occurrence degree with those terms. All terms are then
sorted in descending order by their scores. Lastly, the highly
scored E terms are selected and added to the query ¢. The ex-
panded query is automatically submitted to the system to get
the final results. We refer this approach to CO-EBM. 1t is
compared with the existing LCA method based on co-
occurrence analysis with only query terms.

Query Term Reweighting

The expanded query produced by CO-EBM method is re-
weighted in the second-pass retrieval.

The standard Rocchio’s feedback formula is a commonly used
for (pseudo-) relevance feedback and term reweighting. It re-
weights terms in the expanded query by adding the weights
from the actual occurrence of those query terms in the relevant
documents and subtracting the weights of those terms occur-
ring in the non-relevant documents [21]. In this study, we
modify the formula so that all expansion terms are given the
same weight for fair comparison of different query expansion
approaches. Based on the positive feedback form of the stan-
dard Rocchio feedback formula, the new weight w'q,, of term ¢
in the expanded query is assigned as:

W, =W, +c (8)
where w,, is the weight of term ¢ in the unexpanded original
query g submitted to the system initially and ¢ is a constant to
give the same weight to all expansion terms (c is set to 1 in
this study).

Results

We evaluate our experimental results using mean average pre-
cision (MAP), precision at given document cutoff value X
(P@X). MAP is an average overall precision measurement for
each relevant document in the ranking. It serves as a good
measurement of the overall ranking accuracy. We measure the
performance for the top-ranked 100 documents retrieved in
our experiments. P@X is the percent of retrieved documents
that are relevant after X documents have been retrieved. Since
most users are interested in a few top-ranked documents, it is a
good measurement in terms of users’ perspective.

Table 2 - Performance of SE-EBM compared with no
expansion for each treatment and diagnosis task.

Treatment (Average over 57 Queries)

No expansion | SE-EBM

MAP 0.2269 0.2175 (-4.14%)
P@5 0.3439 0.3333 (-3.08%)
P@10 0.2982 0.2772 (-7.04%)

Diagnosis (Average over 26 Queries)

No expansion | SE-EBM

MAP 0.2155 0.1877 (-12.9%)
P@5 0.3385 0.3462 (+2.27%)
P@10 0.3462 0.2885 (-16.67%)

Table 2 shows the performance of SE-EBM method compared
with the one of unexpanded run for two clinical tasks of treat-
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ment and diagnosis. As can be seen in the table, SE-EBM ap-
proach generally makes the performance decreases for both
treatment and diagnosis tasks. It indicates that clinical task-
specific EBM terms are not useful as additional expansion
terms to retrieve task-specific relevant articles. Rather, these
terms make relevant articles be retrieved in a lower rank. EBM
terms would be not used as expansion terms in a ranking sys-
tem.

On the other hand, the effectiveness of clinical task-specific
EBM terms on improving retrieval accuracy is evaluated for
selecting expansion terms. The performance of CO-EBM me-
thod is evaluated for a wide range of R (5 t0100 by 5) and E (5
to 100 by 5) settings to see the sensitivity of the parameter
settings, and is compared with LCA method based on co-
occurrence with only query terms. Since 15 expansion terms
generally provided a good performance on OHSUMED collec-
tion in our previous study [22], we present the performance of
CO-EBM and LCA over a different parameter of R at a fixed E
parameter of 15 in this paper. Figure 2 and Figure 3 display
MAP percentage change of CO-EBM and LCA methods over
unexpanded run for treatment and diagnosis task, respectively.

As can be seen, the maximum performance improvement is
achieved using our CO-EBM method for both treatment and
diagnosis tasks. On treatment-task experiments (Figure 2), our
CO-EBM shows better performance than LCA when more than
50 documents retrieved are used for co-occurrence analysis.
On diagnosis-task experiments (Figure 3), our CO-EBM shows
better performance than LCA regardless of the number of
pseudo-relevant documents used. It indicates that task-specific
EBM terms can be effectively used for restricting query ex-
pansion to terms that are relevant to a given clinical task.

Conclusion

In order to support the practice of EBM, we have proposed a
new information retrieval technique that exploits clinical task-
specific EBM terms for the query expansion using co-
occurrence analysis. Focusing on treatment and diagnosis
tasks, our experimental results on the OHSUMED collection
showed that our proposed method was performed best. The co-
occurrence analysis with clinical task-specific EBM terms can
select expansion terms more specific to a given clinical task.
We believe that our method can be effectively used for clinical
task-specific ranking system.

We plan to evaluate our approach for other clinical tasks
including etiology and prognosis by preparing for new test
collections since OHSUMED does not provide sufficient test
queries for evaluation of other clinical tasks.

@ wm

Figure 2 - Performance change of CO-EBM from no
expansion compared with LCA when 15 terms are expanded
using different number of pseudo-relevant documents for a
treatment task.

Figure 3 - Performance change of CO-EBM from no
expansion compared with LCA when 15 terms are expanded
using different number of pseudo-relevant documents for a
diagnosis task.
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