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Abstract
Objective: Advances from health research are not well applied giving rise to over- and underuse of resources and inferior care. Knowl-
edge translation (KT), actions and processes of getting research findings used in practice, can improve research application. The KT
literature is difficult to find because of nonstandardized terminology, rapid evolution of the field, and it is spread across several domains.
We created multiple search filters to retrieve KT articles from MEDLINE.

Study Design and Setting: Analytic survey using articles from 12 journals tagged as having KT content and also as describing a KT
application or containing a KT theory.

Results: Of 2,594 articles, 579 were KT articles of which 201 were about KT applications and 152 about KT theory. Search filter sen-
sitivity (retrieval efficiency) maximized at 83%e94% with specificity (no retrieval of irrelevant material) approximately 50%. Filter per-
formances were enhanced with multiple terms, but these filters often had reduced specificity. Performance was higher for KT applications
and KT theory articles. These filters can select KT material although many irrelevant articles also will be retrieved.

Conclusion: KT search filters were developed and tested, with good sensitivity but suboptimal specificity. Further research must
improve their performance. � 2012 Elsevier Inc. All rights reserved.
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1. Introduction

More than US $125 billion were spent in 2003 world-
wide on health research. The benefits of the results are
not well applied across all groups of people involved in
health and health care [1]. Patients do not know the require-
ments of disease prevention or treatment [2] or necessarily
trust the information they currently receive from their
health professionals [3]. If patients have adequate and accu-
rate information they make better decisions, become more
active in their self-care, and consume fewer health care re-
sources [4,5]. Clinicians are not current in their practices,
which leads to less than optimal care. For example, elderly
patients are often either over- or undermedicated [4,5], and
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overuse of surgery occurs [6]. Institutions and decision
makers do not support systems that facilitate best practices,
as, for example, prophylactic antibiotic use for elective
general surgery [7] or the management of patients with
stroke in U.K. hospitals [8]. Lavis et al. [9] point out that
only four of eight health policies in Canada used citable
health services research in at least one of the two stages
of the policy-making process.

Knowledge translation (KT), the process of getting re-
search into practice in health care, holds promise of improv-
ing the use of existing health care knowledge. A number of
other terms refer to the same or related concepts, including
knowledge transfer, knowledge exchange, research utiliza-
tion, implementation science, uptake, and dissemination
[10]. To show the variation in the use of KT terms, we have
published a list of 100 terms that are related to KT. Our anal-
ysis of articles in the health care literature showed that only
46 of these 100 terms were used by the authors in their titles
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What is new?

� Retrieval of knowledge translation (KT) material
from MEDLINE is challenging. General KT arti-
cles are harder to retrieve than studies of applica-
tions or theoretical articles in KT.

� Search filters can be built, but their performance is
less than ideal. Filters can retrieve approximately
85%e90% of the required KT material, but the re-
trievals will likely be large and include a substantial
number of irrelevant articles.

� Retrieval efficiency of KT material in MEDLINE
is similar to that of retrieval of KT material from
CINAHL.

� The filters can be used although more work needs to
be done to improve the performance of the filters,
especially on improving the specificity (nonretrieval
of irrelevant material).

and abstracts of more than 500 KT articles [11]. No single
term was uniquely associated with all the KT material.

Getting knowledge used in practice [12] across disci-
plines provides multiple challenges. The growing body of
KT literature includes general articles, studies of successful
KT interventions, theories, methods, and frameworks to fa-
cilitate the movement of research into practice [13,14], with
each discipline using its own vocabulary and methods [15].
One of the challenges to those interested in adopting or fa-
cilitating adoption of new knowledge and skills is identify-
ing effective KT practices and frameworks across these
disciplines. Without good retrieval of KT material we miss
important advances or are forced to ‘‘rediscover’’ previ-
ously known evidence that supports change.

To synthesize and apply the evidence of KT best prac-
tices, clinicians, researchers, and decision makers need to
be able to effectively identify studies and theory articles.
Search filters for large electronic databases can optimize re-
trieval, capturing articles of interest (true positives) while
minimizing the number of articles that are not of interest
(false positives). Such search filters have been developed
for methodological aspects of studies [16,17] and also for
content [18,19].

Our objectivewas toproduce searchfilters forKTarticles in
the major health care database, MEDLINE. We have previ-
ously published similar filters for CINAHL [20]. Defining
KT has been a challenge for many groups. As with many re-
searchers we started with the Canadian Institute of Health Re-
search (CIHR) definition as our standard [21], similar to the
approach taken by the authors of the KT series in this journal
headed by Straus et al. [22e27]. We assumed that the KT lit-
erature has two natural subgroups of articles, those describing
interventions designed to change behaviors (KTapplications)
and those related to the theory and understanding of KT (KT
theory) as well as more general articles on KT. Educational
materials, such as patient handouts also are part of the broad
field of KT. In this study, we sought to develop and validate
search filters to retrieve articles with content related to KT
(general KT articles, educational instruments, KT applica-
tions, andKT theory) aswell asKTapplications andKT theory
separately. We used the MEDLINE database via Ovid Tech-
nologies, Inc. searching system for KT filter development.
2. Materials and methods

Ethics approval was not needed as published studies were
analyzed. Using a diagnostic test assessment framework, we
developed and validated search filters for KT literature in
MEDLINE. A gold standard database was created by hand
searching the biomedical literature (see below); articles were
classified as of interest to KT (KT articles) or not related to
KT (non-KTarticles). The KTarticles were further classified
as to whether they also were KT applications, KT theory,
both, or neither. We also tagged patient handouts or summa-
ries to educate clinicians and others involved in patient care
as KTeducational instruments (diffusion tools). These docu-
ments included, for example, JAMA’s ‘‘Patient Page,’’Annals
of Internal Medicine’s ‘‘Summaries for Patients,’’ and BMJ’s
‘‘ABC of (disease).’’ We produced MEDLINE search filters
in four divisions of KT articles: all KT content (general KT,
KT instruments, KT applications, and KT theory); all KT
content without instruments; KT applications; and KT
theory.

In addition to the database of articles, we built an exten-
sive list of search terms that had potential to retrieve KT
articles. The sensitivity, specificity, precision, and accuracy
with which each of these search terms retrieved the target
articles (KT articles) in the database were calculated. Sen-
sitivity measures the proportion of target articles retrieved,
whereas specificity represents the proportion of nontarget
articles that were not retrieved. Precision measures the
proportion of retrieved articles that were on target, and ac-
curacy measures the proportion of articles that were re-
trieved correctly.

Our required sample size of on-target articles (KT arti-
cles) was between 110 and 150 based on theoretical work
by Yao et al. [28]. Their research also showed that the da-
tabase of articles for filter development should include arti-
cles from journals that have a high proportion of on-target
articles and some journals that include only a few on-target
articles as well as a range of types or domains of journals.
These formal stipulations lead to a database with a represen-
tative sample of the literature [28]. Specific journal titles
are selected and then all the articles in them are included
in the database. The full method of journal selection is re-
ported elsewhere, but we include some details here [11].

We first produced two lists of journals that published at
least some KT material. The first list included journals with



Table 1. Abridged inclusion criteria for articles with health KT content,
KT applications, and KT theory

KT content includes the more specific areas of
� Educational interventions
� Peer-to-peer knowledge brokering
� Finding information
� Articles outlining barriers to providing care by clinicians
� Application of evidence-based medicine/practice
� Quality of care and quality-improvement strategies
� Production of systematic reviews, guidelines, and other knowledge
syntheses

� Implementation of knowledge syntheses, guidelines, or research
findings

� System modifications based on evidence
� Setting policy using evidence
KT application: articles that are identified as KT and then describe
a study or project in a specific setting or settings to implement a KT
strategy; for example, strategies that increase implementation or
a project to improve uptake of a specific intervention or knowledge
area, such as vaccinations, screening procedures, smoking
cessation approaches, and so forth.

KT theory: articles that describe or develop the general understanding
of the KT process or theory.

� Theories, models, or frameworks of KT
� Processes of KT, including knowledge synthesis and other related
techniques

� KT across disciplines, vocabulary, and scope
� Other theories contributing to our understanding of KT

Abbreviation: KT, knowledge translation.
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a high proportion of on-target KT articles, and the second
list ranked journals that included some, but not a lot, of
KT articles. We used data from web sites that included
citations to KT articles, published bibliographies of KT
articles, and published searching manuals on finding KT
material and asked for suggestions of titles from col-
leagues. We ranked our lists of journals in the order of
how many KT articles were likely to be found in each.
From our lists we chose the six journals that published
the most KT articles (Annals of Internal Medicine, BMJ,
Health Affairs, JAMA, Journal of Advanced Nursing, and
Social Science and Medicine) and then a random sample
of six from our list of low-yield journals (Addiction, Inter-
national Journal of Nursing Practice, Journal of Occupa-
tional and Environmental Medicine, Journal of the
Medical Library Association, Nursing Inquiry, and Nursing
Research) [28]. Review of these journal titles and their pro-
jected numbers of KT articles showed that we were highly
likely to meet our sample size projections. The journal do-
mains in our lists represented a range of disciplines. We
also chose to use articles from the publishing year 2006 be-
cause this was the most current full year of publication
when we started this project.

Using a detailed reading guide (see Appendix on the jour-
nal’s web site at www.elsevier.com for full guide), developed
iteratively with input from all authors who have KT expertise
(K.A.M.,N.W.,R.B.H.,D.C.,M.D.,D.A.D., S.E.S.) andbased
on theCIHRdefinition ofKT [21], articleswere tagged as hav-
ing KT content or not. The KTarticles were further tagged as
being KT instruments (i.e., educational material), KTapplica-
tions, or KT theory if applicable (abridged inclusion criteria;
see Table 1 and the full reading guide in the Appendix on
the journal’s web site at www.elsevier.com). All articles in
the 12 journals were read in duplicate by K.A.M. and C.L.
Disagreements were adjudicated by consensus.

Our approach to building filters uses a pre-established and
broad-based list of terms and phrases with potential to retrieve
material to iteratively build the search filters. Because of this
approach, the list of potential terms is crucial to the success
of building effective search filters. We used multiple methods
to build the list of terms. Our team librarian (K.A.M.) and ex-
perienced staff (C.L.) reviewed and extracted medical subject
headings (i.e., indexing terms) that are potentially associated
with KT content (e.g., diffusion of innovation, technology
transfer, and information dissemination). We also used online
systems, such as PubReminer (http://bioinfo.amc.uva.nl/
human-genetics/pubreminer/) that analyze a body of
MEDLINE literature to suggest index terms and textwords
(i.e., words or phrases in title and abstract). For example, the
PubReminer analysis of the 520 articles that have the phrase
‘‘knowledge translation’’ in their title or abstract showed that
these articles were indexed most often by the terms diffusion
of innovation; evidence-based medicine; health knowledge,
attitude, practice; and knowledge as both an indexing term
and a textword. We also used the search terms in KT system-
atic reviews, published guides to the KT literature, and
suggestions from librarians and KT researchers and practi-
tioners to expand our list of potential terms. Our list included
6,502 index terms and textwords (see Appendix on the jour-
nal’s web site at www.elsevier.com for a list). The next step
was to test their retrieval characteristics in the four divisions
of KT material. We used MEDLINE via the Ovid Technolo-
gies searching system and downloaded retrievals into our
own purpose-built software tomanipulate the Ovid output off-
line. Multiple spellings and endings were applied to all term
suggestions. Terms were tested as textwords (.tw) and map-
ping alias (.mp) also known as multiple purpose. Textwords
search title and abstract, andmultiple alias searches retrieve ci-
tations based onmatching terms found in any of title, abstract,
substance name, and medical subject headings. We also ex-
ploded index terms as appropriate and used various subhead-
ing and index term combinations.

The retrieval characteristics were calculated for each
search term individually. We generated ORed combinations
of all terms with stronger retrieval abilities, and we selected
the highest performing combinations to generate the ‘‘best’’
search filter for detecting articles that were classified in
each of the four divisions of KT material, while trying to
keep the number of terms to a minimum. We report the best
sensitivity filter keeping specificity� 50%, best specificity
filter while keeping sensitivity� 50%, and best filter opti-
mizing sensitivity and specificity using four-term combina-
tions (absolute value of [sensitivityespecificity]! 10%).
Precision numbers are included, but they are less important
in filter construction as they change when moving from the

http://www.elsevier.com
http://www.elsevier.com
http://bioinfo.amc.uva.nl/human-genetics/pubreminer/
http://bioinfo.amc.uva.nl/human-genetics/pubreminer/
http://www.elsevier.com
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Fig. 1. Flowchart indicating the articles read and how they were clas-
sified. General knowledge translation (KT) articles were further tagged
as KT application of KT theory articles if they met the reading criteria.
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testing database to the full MEDLINE database; sensitivity
and specificity stay the same across databases.

Our sample size was adequate for the KT all content and
KT content without instruments searches to allow deriva-
tion and validation data sets to be used; we randomly
divided the total database into 60:40 development and
validation sets. For all KT content, the derivation and
validation sets included 1,556 and 1,038 total articles,
respectively. Of these, 344 were KT content in the deriva-
tion data set and 235 were KT content in the validation data
Table 2. Number of articles classified as KT all content (%), KT content witho
searched in 2006

Journal # Read # W

High KT-yield journals
BMJ 519
Annals of Internal Medicine 268
JAMA 312
Social Science and Medicine 530
Journal of Advanced Nursing 265
Health Affairs 198

Low KT-yield journals
Journal of the Medical Library Association 59
Addiction 168
International Journal of Nursing Practice 48
Journal of Occupational and Environmental Medicine 147
Nursing Research 48
Nursing Inquiry 31

Totals 2,594

Abbreviations: KTA, KT applications; KTT, KT theory.
set. For the KT content without instruments the same num-
bers of included articles were 222 and 151 tagged KT arti-
cles in the data sets (Fig. 1). This splitting of the database is
a stronger method than using a single database and allows
for checking or validation of the search filters in a separate
data set. Search filters for KT content, both with and with-
out instruments, were identified in the development set and
tested in the validation set. Sensitivity, specificity, preci-
sion, and accuracy were statistically compared between
the two data sets as independent proportions. The smaller
number of KT applications and KT theory articles did not
allow division into derivation and validation data sets.
3. Results

Table 2 shows the number of articles categorized by KT
domain published by each journal. Journals expected to
have a higher yield of KT articles had a mean of 25.6%
KT content (95% confidence interval [CI] 14.9%e36.2%)
whereas low yielding journals had a mean of 12.8% (CI
3.2%e22.3%). The two groups of journals, however, were
not statistically different in the proportions of KT articles
tagged as KT all content, KT all content without instru-
ments, KT applications, or KT theory. Journals such as
BMJ, Annals of Internal Medicine, and JAMA contained
a large number of articles tagged as KT content that were
instruments (Table 2).

3.1. Search filters

We present the results for the best sensitivity, best spec-
ificity, and best optimization for KT all content, KT all con-
tent without instruments, KT applications, and KT theory
articles. Only the multiple-term filters are presented as their
sensitivity and specificity are much higher than that for sin-
gle terms alone.
ut instruments, KT application, and KT theory in the 12 journals hand

ith KT content (%)
# With KT content
without instruments

# KT
application

# KT
theory

150 (28.8) 82 31 23
116 (43.3) 39 22 7
87 (27.9) 28 18 4
87 (16.4) 86 47 57
47 (17.7) 47 35 27
38 (19.2) 38 16 11

16 (27.1) 16 8 2
13 (7.7) 13 9 7
9 (18.8) 9 5 5
8 (5.4) 7 4 1
7 (14.6) 7 6 7
1 (3.2) 7 0 1

579 (22.3) 373 201 152



Table 3. Four-term search filters for all KT content and KT without instruments maximizing sensitivity (keeping specificity� 50%), specificity
(keeping sensitivity� 50%), and best optimization of sensitivity and specificity (based on abs [sensitivityespecificity]� 10%)

Search term in Ovid search
format

Sensitivity (%)
development validation
difference (95% CI)

Specificity (%)
development validation
difference (95% CI)

Precision (%) development
validation difference

(95% CI)

Accuracy (%) development
validation difference

(95% CI)

All KT content
(Four terms) Best
sensitivity: exp clinical
medicine OR exp health
services administration
OR exp review literature
OR patient
education.mp

83.4 51.5 32.8 58.5
84.7 51.2 33.7 58.8

�1.3 (�7.2 to 5.0) 0.30 (�4.1 to 4.8) �0.87 (�5.8 to 4.0) �0.22 (�4.1 to 3.7)

Best specificity: evidence-
based medicine/OR
patient education.mp
OR patient.mp OR
Review Literature/

69.8 66.7 37.3 67.4
71.5 68.2 39.7 69

�1.7 (�9.1 to 5.9) �1.6 (�5.7 to 2.6) �2.5 (�8.4 to 3.5) �1.6 (�5.3 to 2.1)

Best optimization: exp
clinical medicine OR
exp review literature OR
guideline:.mp. OR
patient.mp

73.5 65.4 37.6 67.2
74.0 67.0 39.6 68.6

�0.5 (�6.9 to 7.6) �1.6 (�5.7 to 2.7) �2.0 (�7.9 to 3.8) 1.4 (�5.0 to 2.3)

All KT content without instruments
Best sensitivity: exp
community health
services OR exp health
occupations OR exp
health services
administration OR
polic:.mp

86.0 50.9 22.6 55.9
86.8 49.2 22.5 54.6

�0.7 (�7.6 to 6.7) 1.8 (�2.5 to 6.0) �.07 (�4.4 to 4.4) 1.3 (�2.6 to 5.2)

Best specificity: evidence-
based medicine/OR Exp
community health
services OR exp health
occupations OR
polic:.mp

60.4 73.1 27.2 71.2
62.3 70.4 26.3 69.2

�1.9 (�11.7 to 8.2) 2.7 (�1.1 to 6.5) 0.79 (�5.3 to 6.7) 2.0 (�1.5 to 5.7)

Best optimization: exp
community health
services OR exp
evaluation studies as
topic OR exp health
occupations OR exp
quality assurance,
health care/

68.9 71.4 28.6 71.0
66.9 70.2 27.7 69.8

2.0 (�7.4 to 11.7) 1.1 (�2.7 to 5.0) 0.93 (�5.1 to 6.8) 1.3 (�2.3 to 4.9)

Note: Values for development, validation, and their absolute difference (95% CI) are provided.
Abbreviations: CI, confidence interval; Exp, explode (collects index terms that are components of the concept); .mp. searches in all fields (e.g.,

authors, titles, abstracts, and index terms): truncation symbol; /, search as an index term; abs, absolute value.
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3.2. KT all content articles

Four-term search filters were automatically produced by
the computer system; the results are presented in Table 3.
No statistical differences were seen between the derivation
and the validation sets. Therefore, we provide only the data
from the derivation calculations. The best sensitivity was
83.4% with matching specificity 51.5%. The highest spec-
ificity for all KT material was 66.7% (matching sensitivity
of 69.8%). The best optimization for all KT content had
a sensitivity and specificity of 73.5% and 65.4%, respec-
tively (Table 3).
In an effort to improve the sensitivity, we manually
ORed the top performing single search terms to create
search filters with more than four terms (Table 4). Our goal
was to increase sensitivity while holding specificity to
O50%. For KT all content articles, we were unable to im-
prove performance beyond that found with the four-term
search filter in Table 3.

3.3. KT noninstrument articles

KT all content without instruments showed some
improvements in search performance compared with the



Table 4. Best sensitivity filters using up to seven terms for all KT content, KT without instruments, KT application, and KT theory

Search term in Ovid search format Sensitivity (%) Specificity (%) Prevision (%) Accuracy (%)

KT content
(Four terms) Exp clinical medicine OR

exp health services administration OR
exp review literature OR patient
education.mp

83.4 51.5 32.8 58.5
84.7 51.2 33.7 58.8

�1.3 (�7.2 to 5.0) 0.30 (�4.1 to 4.8) �0.87 (�5.8 to 4.0) �0.22 (�4.1 to 3.7)

KT content no instruments
(Six terms) Exp health services

administration OR research.tw OR exp
health occupations OR community
health services OR review literature.mp
OR implementation.mp

88.7 49.6 22.7 55.2
81.5 47.5 20.9 52.4

7.3 (0.04 to 15.1)
Difference is significant

2.2 (�2.1 to 6.4) 1.8 (�2.6 to 6.0) 2.8 (�1.1 to 6.7)

KT application
(Seven terms) Evidence-based

medicine.mp OR exp delivery of health
care OR exp health services OR
randomized controlled trial:.mp OR
implementation.mp. OR exp
community health services OR
policy.tw.

91.0 48.0 12.8 51.3
(87.1e95.0) (46.0e50.0) (11.1e14.6) (49.4e53.3)

KT theory
(Seven terms) Exp delivery of health care

OR exp evaluation research OR
research.tw. OR decision making.mp.
OR evidence-based medicine OR
framework.mp OR diffusion of
innovation:.mp

94.1 50.7 10.6 53.2
(90.3e97.8) (48.7e52.6) (8.96e12.3) (51.3e55.1)

Where possible values for development, validation, and their absolute difference (95% CI) are provided.
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KT all content filters. Maximum sensitivity increased by
approximately 2.6%e86.0% (difference 2.6%, CI �3.7%
to 10.8%). Maximum specificity increased significantly
between the most specific search filters (difference 6.5%,
CI 2.78%e9.9%) to a value of 73.1% (matching specific-
ity 60.4%). Best optimization showed no significant
change in sensitivity (68.9%) but a significant increase
in specificity (difference 5.9%, CI 2.32%e9.54%) to
71.4% (Table 3).

We were able to marginally increase the sensitivity of
the filter from 86.0% to 88.7% (difference 2.7%, CI
�3.54% to 8.96%) by including six terms, but this came
at a small cost in specificity, and the validation data set dif-
fered significantly from the derivation data set for sensitiv-
ity (Table 4).
3.4. KT application articles

Too few articles were available to analyze using deri-
vation and validation data sets. For the full data set, the
KT application articles had similar sensitivity (85.1%)
and slightly higher specificity (71.0%) and best optimiza-
tion (74.6% and 66.6%, respectively) (Table 5) compared
to the KT all content retrieval performance. With the
addition of terms, sensitivity was maximized at 91.0%
with specificity at 48.0% using a seven-term filter
(Table 4).
3.5. KT theory articles

Too few articles were found to allow for both derivation
and validation data sets for KT theory articles. Sensitivity
was 90.8%. Best specificity also was higher at 79.6%,
and the optimized data were 76.3% for sensitivity and
73.1% for specificity (Table 5). A six-term search filter
maximized sensitivity at 94.1% (Table 4).
4. Discussion

We developed filters to retrieve KT material in several
areas: all KT content with and without educational instru-
ments and KT articles based on applications and KT theory
and methods. Our MEDLINE findings were similar to the
retrieval performances we found with the KT search filters
developed for CINAHL [20]. We found that filtered search-
ing for KT application articles was marginally more effi-
cient than all KT material. The efficiencies for filtered
KT theory articles were marginally the most effective of
all the KT filters.

Specifically, our sensitivity results of approximately
85%e90% were relatively low compared to search filters
in other domains. For example, Montori et al. [29] devel-
oped searching filters for retrieval of systematic reviews
from MEDLINE. Their sensitivity was 99.9% for a five-
term search strategy. The highest specificity for all KT



Table 5. Four-term search filters for KT application and KT theory articles with 95% CI; maximizing sensitivity (keeping specificity� 50%),
specificity (keeping sensitivity� 50%), and best optimization of sensitivity and specificity (based on abs [sensitivityespecificity]� 10%)

Search term in Ovid search format Sensitivity (%) Specificity (%) Precision (%) Accuracy (%)

KT application
Best sensitivity: evidence-based
medicine.mp OR exp delivery of health
care OR exp health services OR randomied
controlled trial:.mp

85.1 (80.1e90.0) 50.4 (48.4e52.4) 12.6 (10.8e14.3) 53.0 (51.1e55.0)

Best specificity: evidence-based
medicine.mp. OR exp health services OR
exp preventive health services/mt OR
implement-tation.tw.

66.2 (59.6e72.7) 71.0 (69.1e72.8) 16.1 (13.6e18.6) 70.6 (68.8e72.3)

Best optimization: evidence-based
medicine.mp. OR exp health services OR
implement-tation.tw. OR randomized
controlled trial.mp.

74.6 (68.6e80.6) 66.5 (64.6e68.4) 15.8 (13.4e18.1) 67.1 (65.3e68.9)

KT theory
Best sensitivity: exp delivery of health care
OR exp evaluation research OR
medicine.mp. or research.tw.

90.8 (86.2e95.4) 52.0 (50.0e53.9) 10.5 (8.87e12.2) 54.2 (52.3e56.1)

Best specificity: evidence-based medicine/
OR exp community health services OR
innovation.mp OR medicine.mp

65.8 (58.2e73.3) 79.6 (78.0e81.1) 16.7 (13.7e19.7) 78.8 (77.2e80.3)

Best optimization: exp community health
services OR exp evaluation research OR
innovation.mp. OR medicine.mp.

76.3 (69.6e83.1) 73.1 (71.4e74.9) 15.0 (12.5e17.5) 73.3 (71.6e75.0)
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material was also low at in the 65%e75% compared to the
performance of other filters. Montori et al. [29] had a best
specificity of 99.2% for a three-term strategy for their filters
for systematic review articles. The best optimization for all
KT content had a sensitivity and specificity of 73.5% and
65.4%, respectively (Table 4). The same optimization data
for systematic review filter retrieval by Montori et al. [29]
were 98.0% and 90.8%, respectively.

Retrieval from MEDLINE using these filters is not ideal
with respect to identifying all relevant articles or obtaining
retrievals with little irrelevant material. This less-than-ideal
retrieval is consistent with some of our previous works
which showed that authors are not consistent in their use
of terms describing their KT articles. We showed that only
46 of 100 potential terms related to KTwere used in our ar-
ticle database [11]. This finding provided evidence that pro-
duction of searching filters would not be easy or produce
very efficient filters. Our plans are to continue to improve
our abilities to search for KT material in MEDLINE. We
will determine if NOTing out terms improves specificity
without affecting sensitivity. We may also determine which
journals publish substantial KT material so that we could
establish a subset of journal titles for searching for KT ma-
terial. This could lead to filters that limit retrieval both by
target journal and by using proven searching filters.

Well-developed content or format-based filters, such as
randomized controlled trials (RCTs), in MEDLINE have
good performance characteristics. The RCT filters have
sensitivities O99% and specificities O98% [16]. Less
well-defined topics have lower performance. For example,
a less well-defined topic than controlled trials is palliative
care. Sladek et al. [30] compared four search filters to re-
trieve this end-of-life material. The sensitivity of the end-
of-life filters had specificities from 40.6% to 56.9% and
specificities from 92.1% to 99.3%. These filters would the-
oretically retrieve approximately only half of the existing
material on palliative care, but most of the retrieval sets
would include mostly relevant articles. Our KT filters con-
centrated on enhancing sensitivity (retrieval of existing rel-
evant material). The level of performance of the searching
filters for KT is likely true for any emerging or diffusely de-
fined field, such as palliative care, especially if it crosses
disciplines and is associated with multiple names and
related terms.

Many of the terms used in the construction of the final
filters were general (e.g., evidence-based medicine, innova-
tion, medicine, or guideline). The broad-based terms and
the inability to focus solely on KT articles may be a reflec-
tion of the lack to specific terms related to KT in the list of
MEDLINE indexing terms. CINAHL also has very few in-
dexing terms related to KT. Establishing agreed on index-
ing rules and additional index terms related to KT and
training indexers to quickly and efficiently identify KT ma-
terial will likely also be challenging, based on the experi-
ences of the project team.

We increased the performance of our filters by adding
terms. These additional terms can make searching more
complicated for the users, and still performance was not op-
timal. If we can improve the performance of the KT filters
with subsequent projects and analyses, we will push to have
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the filters embedded within searching systems. Other
proven search filters are embedded in systems as, for exam-
ple, the Clinical Queries and Special Queries in PubMed.
We also may develop our own searching site that would
harness multiple search filters related to content, methods,
and journal subsets.

4.1. Strengths

Our gold standard database of tagged articles was built
using empiric methods. The sample size of the study was
relatively large and allowed for splitting of the data set into
derivation and validation data sets for KT content with or
without instruments. We found that the search results were
statistically similar across the two data sets, strengthening
the likelihood of generalizability. Our journal choices cov-
ered a range of health fields, including clinical medicine,
nursing, health administration, environmental sciences,
and information sciences.

4.2. Limitations

No consensus exists on the best definition of KT or which
terms should be used. One of the challenges to this project is
that not everyone will agree with our choices and how we de-
velopedour reading guide based on theCIHRdefinition ofKT.
Even with our CIHR-based definition and reading guide, clas-
sifying the 2,594 articles into KT and non-KT categories and
then further subclassifying theKTarticles proved challenging.
Despite interactive training and calibration of our readers, du-
plicate reading of the articles with consensus to resolve dis-
agreements was needed. We were constantly reminded in
our reading and analyses that the KT field is complex and is
viewed and described differently across the journals we read.
We had insufficient numbers of articles to use a derivation and
validation data set for KT application and KT theory articles.
Finally, the KT field is evolving, and the data we used from
2006 may not be ideally suited to retrieve articles in earlier
ormore recentmaterial. In other domains, however, some data
suggest that searching filters remain stable over time [31].
5. Conclusions

Clinicians, decision makers, and librarians need to be
able to quickly and efficiently find the best KT strategies
for implementing evidence-based practice. Search filters
can allow that to happen, with varying efficiency, depend-
ing on the retrieval characteristics of the filters. Produc-
tion of effective searching filters for KT articles was
challenging even with the production of filters for subsets
of the KT literature. Our filters can identify KT content
articles with and without educational material (instru-
ments) as well as KT application and KT theory articles.
However, our search retrievals still have a lot of noise
(relatively low specificity) and, if implemented, will miss
some articles (less than 100% sensitivity). We are now in
the process of making these filters available for other
searchers and have started research into improving these
filters.
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