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Optimal Search Strategies for Detecting Clinically Sound
Prognostic Studies in EMBASE: An Analytic Survey

NANCY L. WILCZYNSKI, MSC, R. BRIAN HAYNES, MD, PHD

A b s t r a c t Background: Clinical end users of EMBASE have a difficult time retrieving articles that are both
scientifically sound and directly relevant to clinical practice. Search filters have been developed to assist end users in
increasing the success of their searches. Many filters have been developed for the literature on therapy and reviews for
use in MEDLINE, but little has been done for use in EMBASE with no filter development for studies of prognosis. The
objective of this study was to determine how well various methodologic textwords, index terms, and their Boolean
combinations retrieve methodologically sound literature on the prognosis of health disorders in EMBASE.

Methods: An analytic survey was conducted, comparing hand searches of 55 journals with retrievals from EMBASE for
4,843 candidate search terms and 8,919 combinations. All articles were rated using purpose and quality indicators, and
clinically relevant prognostic articles were categorized as ‘‘pass’’ or ‘‘fail’’ according to explicit criteria for scientific
merit. Candidate search strategies were run in EMBASE, the retrievals being compared with the hand search data. The
sensitivity, specificity, precision, and accuracy of the search strategies were calculated.

Results: Of the 1,064 articles about prognosis, 148 (13.9%) met basic criteria for scientific merit. Combinations of search
terms reached peak sensitivities of 98.7% with specificity at 50.6%. Compared with best single terms, best multiple
terms increased sensitivity for sound studies by 12.2% (absolute increase), while decreasing specificity (absolute
decrease 5.1%) when sensitivity was maximized. Combinations of search terms reached peak specificities of 93.4% with
sensitivity at 50.7%. Compared with best single terms, best multiple terms increased specificity for sound studies by
7.1% (absolute increase), while decreasing sensitivity (absolute decrease 8.8%) when specificity was maximized.

Conclusion: Empirically derived search strategies combining indexing terms and textwords can achieve high
sensitivity or specificity for retrieving sound prognostic studies from EMBASE.
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Clinicians are frequently faced with patient care questions
relating to the course (prognosis) of a disease or condition.
Prognostic information is also essential for planning clinical
studies and health services. Clinicians and researchers can at-
tempt to obtain answers to their patient care and planning
questions in a number of ways, one of which is searching on-
line for evidence from published investigations. The current
best evidence published in health care journals is usually first
widely accessible throughmajor biomedical databases such as

MEDLINE and EMBASE. Research has shown that clinicians
increasingly use online access to evidence in the course of clin-
ical care as well as for continuing education and research.1

Researchhas also shown that clinicians rate the information re-
trieved during patient care searches as useful in answering
their question.2 However, information retrieval in these data-
bases can be problematic. Problems arise due to the scatter of
relevant articles across a broad array of journals, the very di-
lute concentration of high-quality, relevant studies in a very
largedatabase, and the inherent limitations of indexing, ampli-
fied by clinicians’ lack of search skills.3 EMBASE searches, for
example, take place in a database containing more than nine
million citations from more than 4,600 journals with between
6,000 and 8,000 citations added weekly.4

Researchers havedeveloped search strategies to assist clinicians
and researcherswith searching, themajority ofwhichhavebeen
developed for MEDLINE when searching for therapy, review,
and diagnostic articles.5–15 However, in addition to search-
ing MEDLINE, clinicians may wish to search other electronic
databases such as EMBASE to more comprehensively cover
their topic of interest. EMBASE searching is complementary
to MEDLINE searching in that EMBASE provides greater
journal coverage of the European and non-English language
publications as well as broader topic coverage in such areas
as drug testing, toxicology, and psychiatry.4 Fewer empirically
derived search strategies have been reported for EMBASE,16

and no work has been done in the area of prognosis.
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In the early 1990s, our group at McMaster University de-
veloped search filters on a small subset of ten journals and
for four types of journal articles (therapy, diagnosis, progno-
sis, and causation [etiology]).17,18 This research was updated
and expanded using data from 161 journals indexed in
MEDLINE from the publishing year 2000.19–22 These search
strategies have been adapted for use in the Clinical Queries in-
terface of MEDLINE (http://www.ncbi.nlm.nih.gov/entrez/
query/static/clinical.html). Compared with the search strate-
gies developed in 1991, these new strategies have been devel-
oped using a very rigorous standard. For example, the
methods we applied for selecting articles were tighter, the da-
tabase was much larger (161 journals compared with ten in
1991), and many more search strategies were tested, resulting
in the development of search strategies that work better than
the ones previously reported. We now report the extension
of this research for EMBASE, including the information re-
trieval properties of single terms and combinations of terms
for identifyingmethodologically sound studies on the progno-
sis of health disorders. To our knowledge, this is the first time
that this approach has been applied to EMBASE and the first
attempt of any sort to systematically retrievemethodologically
sound studies of prognosis from EMBASE.

We compared the retrieval performance of methodologic
search terms in EMBASE (using the Ovid interface to
EMBASE) with a manual review (hand search) of each article
for each issue of 55 journal titles for the year 2000. Overall,
research staff hand searched 170 journal titles thatwere chosen
based on recommendations of clinicians and librarians,
Science Citation Index Impact Factors provided by the
Institute for Scientific Information, and ongoing assessment
of their yield of studies and reviews of scientificmerit and clin-
ical relevance for the disciplines of internal medicine, general
medical practice, mental health, and general nursing practice
(list of journals provided by the authors upon request). Of
these 170 hand searched journals, 135 were indexed in
EMBASE. Search strategies were developed using a 55 jour-
nal-subset chosen based on those journals that had the highest
number of methodologically sound studies. These 55 journals
were also indexed inMEDLINEandwere included in the list of
161 journals thatwere used to developMEDLINE search strat-
egies.19–22 This selection enriches the sample of target articles
(those that ‘‘pass’’ for scientific merit), thereby improving the
precision of estimates of search term performance and simpli-
fying data processing while not biasing the estimates of the
sensitivity and specificity of search terms.

We compiled an initial list of search terms, including indexing
terms and textwords from clinical studies. Input was then
sought from clinicians and librarians in the United States
and Canada through interviews of known searchers and re-
quests at meetings and conferences. We compiled a list of
5,385 terms of which 4,843 were unique and 3,524 returned re-
sults (list of terms tested provided by the authors upon re-
quest). Examples of the prognosis search terms tested are
‘‘inception cohort,’’ ‘‘life expectancy,’’ ‘‘predict,’’ and ‘‘prog-
nostic,’’ all as textwords; ‘‘survival,’’ the index term, and the
index term ‘‘disease course’’ exploded (i.e., including all of
this term’s indexing subheadings).

As part of a larger study,23 research staff with a Master’s de-
gree level of training in epidemiology and/or library science
were rigorously calibrated over a 14-month period before

reviewing the journals, and interrater agreement for identify-
ing the purpose of articles was 81% beyond chance (kappa
statistic, 95% confidence interval [CI] 0.79–0.84). Interrater
agreement for which articles met all scientific criteria was
89% (CI 0.78–0.99) beyond chance.23 The six research assis-
tants then hand searched all articles in each issue of the
55 journals and applied methodologic criteria to determine
whether the article was methodologically sound. The meth-
odologic criteria applied for studies of prognosis were as fol-
lows: Inception cohort of individuals all initially free of the
outcome of interest, follow-up of at least 80% of patients until
the occurrence of a major study end point or to the end of the
study, and analysis consistent with study design.

The proposed search strategies were treated as ‘‘diagnostic
tests’’ for sound studies and the manual review (hand search)
of the literature was treated as the gold standard. We deter-
mined the sensitivity, specificity, precision, and accuracy of
each single term and combinations of terms in EMBASE using
an automated process. Sensitivity for a given topic is defined
as the proportion of high-quality articles for that topic that are
retrieved, specificity is the proportion of low-quality articles
not retrieved, precision is the proportion of retrieved articles
that are of high quality, and accuracy is the proportion of all
articles that are correctly classified.

Individual search terms with sensitivity.25% and specificity
.75% for a given purpose category were incorporated into
the development of search strategies that included two or
more terms. All combinations of terms used the Boolean
OR, for example, ‘‘predict.tw. OR survival.sh.’’ For the devel-
opment of multiple-term search strategies to either optimize
sensitivity or specificity, we tested all two-term search strate-
gies with sensitivity at least 75% and specificity at least 50%.
For optimizing accuracy, two-term search strategies with ac-
curacy .75% were considered for multiple-term develop-
ment. In the development of prognosis search filters, 8,919
search strategies were tested.

In addition to developing search strategies using the Boolean
approach described above, we also evaluated the potential for
improving performance using logistic regression. Two ap-
proaches were taken. First, we took the top performing
Boolean search strategies and ORed additional terms to these
base strategies using stepwise logistic regression. The level of
significance for entering and removing search terms from the
model was 0.05. Adding terms to the model stopped when
the increase in the area under the receiver operating charac-
teristic curve was ,1%. Second, we developed search strate-
gies from scratch with stepwise logistic regression using these
same cutoff values. Both logistic regression approaches were
compared with the Boolean approach to search strategy de-
velopment when developing strategies for treatment articles
and prognostic articles for MEDLINE. Treatment and progno-
sis were chosen because they represented the best and the
worst cases for MEDLINE search strategy performance. For
both purpose categories, the logistic regression approaches
to developing search strategies did not improve performance
compared with search strategies developed using the Boolean
approach described above. We also found that when strate-
gies were developed in 60% of the database and validated
in the remaining 40%, there were no statistical differences in
performance. Thus, for subsequent purpose categories and
databases, including EMBASE, the Boolean approach was
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used for search strategy development and search strategies
were developed using all records in the database.

Results
Indexing information was downloaded from EMBASE for
27,769 articles (excluding duplicates) from the 55 journals
hand searched. Of these, 1,064 were classified as prognosis,
of which 148 (13.9%) were methodologically sound. Search
strategies were developed using all 27,769 articles. Thus, the
strategies were tested for their ability to retrieve articles about
high-quality prognosis studies from all other articles, includ-
ing both low-quality prognosis studies and all nonprognosis
studies.

Table 1 shows the best single term for high sensitivity, high
specificity, and best balance of sensitivity and specificity.

The single term ‘‘exp general aspects of disease’’ produced
the best sensitivity of 86.5% while keeping specificity at
55.7%. Specificity was maximized at 86.3% using the single
term ‘‘exp disease course,’’ but this was achieved at the ex-
pense of sensitivity (59.5%). The single term ‘‘exp physical
disease by body function’’ produced the optimal balance be-
tween sensitivity (51.4%) and specificity (58.7%).

Combination of terms with the best results for sensitivity,
specificity, and optimization of sensitivity and specificity
are shown in Table 2. The six-term search strategy ‘‘exp dis-
ease course OR risk:.mp. OR diagnos:.mp. OR follow-up.
mp. OR ep.fs. OR outcome.tw.’’ achieved a sensitivity of 98.
7% with a specificity at 50.6%. The two-term strategy
‘‘prognos:.tw. OR survival.tw.’’ had the highest specificity at
93.4%, outperforming all three-term combinations. A three-
term combination ‘‘follow-up.mp. OR prognos:.tw. OR ep.

Table 1 j Single Term with the Best Sensitivity (Keeping Specificity $50%), Best Specificity (Keeping Sensitivity
$50%), and Best Optimization of Sensitivity and Specificity (Based on the Lowest Possible Absolute Difference
between Sensitivity and Specificity) for Detecting Studies of Prognosis in EMBASE in 2000

Search Term Ovid Search*
Sensitivity (%)

(95% CI) (n = 148)
Specificity (%)

(95% CI) (n = 27,621)
Precision (%)
(95% CI)y

Accuracy (%)
(95% CI) (n = 27,769)

Best sensitivity

exp general aspects of disease 86.5 (81.0–92.0) 55.7 (55.1–56.3) 1.0 (0.9–1.2) 55.7 (55.3–56.5)
Best specificity
exp disease course 59.5 (51.6–67.4) 86.3 (86.0–86.8) 2.3 (1.8–2.8) 86.2 (85.8–86.6)

Best optimization of sensitivity

and specificity

exp physical disease by body
function

51.4 (43.3–59.4) 58.7 (58.1–59.3) 0.7 (0.5–0.8) 58.7 (58.1–59.3)

CI = confidence interval; exp = exploded subject heading.
*The search strategy is reported using Ovid’s search engine syntax for EMBASE.
yDenominator varies by row.

Table 2 j Combination of Terms with the Best Sensitivity (Keeping Specificity $50%), Best Specificity (Keeping
Sensitivity$50%), and Best Optimization of Sensitivity and Specificity (Based on abs[sensitivity – specificity],1%)
for Detecting Studies of Prognosis in EMBASE in 2000

Search Strategy Ovid Search*
Sensitivity (%)

(95% CI) (n = 148)
Specificity (%)

(95% CI) (n = 27,621)
Precision (%)
(95% CI)y

Accuracy (%)
(95% CI) (n = 27,769)

Best sensitivity
exp disease course 98.7 (96.8–100.0) 50.6 (50.0–51.2) 1.1 (0.9–1.2) 50.9 (50.3–51.4)
OR risk:.mp.
OR diagnos:.mp.
OR follow-up.mp.
OR ep.fs.
OR outcome.tw.

Best specificity

prognos:.tw. 50.7 (42.6–58.7) 93.4 (93.1–93.7) 3.9 (3.1–4.8) 93.2 (92.9–93.5)
OR survival.tw.

Small drop in specificity

with a substantive gain in

sensitivity
prognos:.tw. 58.1 (50.2–66.1) 92.5 (92.2–92.8) 4.0 (3.2–4.8) 92.4 (92.0–92.7)
OR surviv:.tw.

Best optimization of
sensitivity and specificity

follow-up.mp. 80.4 (74.0–86.8) 79.9 (79.4–80.4) 2.1 (1.7–2.5) 79.9 (79.4–80.4)
OR prognos:.tw.
OR ep.fs.

CI = confidence interval; exp = exploded subject heading; : = truncation; mp = multiple posting—term appears in title, abstract, or subject
heading; ep = epidemiology; fs = floating subheading; tw = textword (word or phrase appears in title or abstract).
*Search strategies are reported using Ovid’s search engine syntax for EMBASE.
yDenominator varies by row.
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fs.’’ resulted in the optimization strategy achieving approxi-
mately 80% for both sensitivity and specificity (Table 2).

A slight modification to the above-noted most specific search
strategy led to an attractive trade-off in sensitivity and spec-
ificity (Table 2). By replacing ‘‘survival.tw.’’ with ‘‘surviv:.
tw.’’ in the most specific search strategy (‘‘prognos:.tw. OR
survival.tw.’’), sensitivity increased (50.7% to 58.1%) at the
price of a small decrease in specificity (93.4% to 92.5%).

Discussion
Our study documents search strategies that can help discrim-
inate relevant, high-quality studies from lower quality studies
of the prognosis of health disorders and articles that are not
about prognosis. Those interested in all articles on prognosis,
for example, those conducting systematic reviews, will be
best served by the most sensitive search. Those with little
time on their hands who are looking for a few good articles
on prognosis, for example, clinicians looking for answers to
patient care questions, will likely be best served by the most
specific strategies. The strategies that optimized sensitivity
and specificity while minimizing the difference between the
two provide the best separation of target citations from unde-
sired citations but do so without regard for whether sensitiv-
ity and specificity are affected.

All search strategies had low precision, which was expected
because of the low proportion of relevant studies about prog-
nosis in a very large, multipurpose database. This means that
searchers will continue to need to spend time discarding irrel-
evant retrievals. Low values for precision, while of concern,
should not be overinterpreted because we did not limit the
searches by clinical content terms, as would be the case in
clinical patient care searches. Precision might be enhanced
by combining search strategies in these tables with content
specific terms using the Boolean ‘‘AND’’ and/or by combin-
ing search strategies with methodologic terms using the
Boolean ‘‘AND NOT.’’ Additionally, conducting searches in
journal subsets might enhance precision. We are currently
testing these types of more sophisticated strategies as the
next phase of our project.

Comparing the prognostic search strategies developed for
EMBASE with those that we developed for MEDLINE,22 we
find that top-performing single terms were all index terms
in both EMBASE (Table 1) and MEDLINE (‘‘exp epidemio-
logic studies’’ was the top performer for sensitivity, specific-
ity, and optimization) but that these terms are uniquely
supported by the database in question (i.e., the index terms
shown for EMBASE are not found in MEDLINE and vice
versa). Additionally, we find that for multiple-term strategies,
a mix of index words and textwords are required in both data-
bases, but the combination of terms that perform best is very
different. The only textword that was a top performer in both
databases was ‘‘prognos:.tw.’’ Although there are many dif-
ferences between EMBASE and MEDLINE, some basic simi-
larities are apparent as just described.

Other methods of improving bibliographic retrieval exist, in-
cluding statistical approaches (such as multiple logistic re-
gression) and machine learning models. Logistic regression
did not improve the retrieval of articles in MEDLINE con-
cerning treatment and prognosis in our database.21

Aphinyanaphongs and colleagues24 have reported machine
learning-based enhancements of retrieval of clinical studies
from MEDLINE in comparison with our previously pub-
lished search strategies.17 We would welcome head-to-head
comparisons of machine learning and other approaches
with our new ‘‘brute force’’ strategies in MEDLINE,
EMBASE, or other bibliographic databases.

In conclusion, our study has shown that selected combina-
tions of indexing terms and textwords can achieve high sen-
sitivity or specificity in retrieving prognosis studies cited in
EMBASE.
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