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ABSTRACT

Objective: Our aim was to develop an efficient search strategy for prognostic studies and clinical prediction

guides (CPGs), optimally balancing sensitivity and precision while independent of MeSH terms, as relying on

them may miss the most current literature.

Materials and Methods: We combined 2 Hedges-based search strategies, modified to remove MeSH terms for

overall prognostic studies and CPGs, and ran the search on 269 journals. We read abstracts from a random sub-

set of retrieved references until � 20 per journal were reviewed and classified them as positive when fulfilling

standardized quality criteria, thereby assembling a standard dataset used to calibrate the search strategy. We

determined performance characteristics of our new search strategy against the Hedges standard and perfor-

mance characteristics of published search strategies against the standard dataset.

Results: Our search strategy retrieved 16 089 references from 269 journals during our study period. One hun-

dred fifty-four journals yielded � 20 references and � 1 prognostic study or CPG. Against the Hedges standard,

the new search strategy had sensitivity/specificity/precision/accuracy of 84%/80%/2%/80%, respectively. Existing

published strategies tested against our standard dataset had sensitivities of 36%–94% and precision of 5%–10%.

Discussion: We developed a new search strategy to identify overall prognosis studies and CPGs independent of

MeSH terms. These studies are important for medical decision-making, as they identify specific populations

and individuals who may benefit from interventions.

Conclusion: Our results may benefit literature surveillance and clinical guideline efforts, as our search strategy

performs as well as published search strategies while capturing literature at the time of publication.
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INTRODUCTION

In the medical community, there is growing demand for evidence-

based resources to support clinical decision-making in order to de-

liver optimal and high value care,1–3 such as guidelines developed

using the GRADE methodology.4 Optimal, high-value care

originates from 3 primary categories of information needed for

evidence-based clinical practice—diagnosis, treatment, and progno-
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sis—in order to define who will benefit from which intervention.5,6

Diagnostic research aims at properly identifying patients with a spe-

cific clinical condition, while treatment research seeks to establish

which interventions are associated with a relative increase in the

likelihood of positive outcomes (or reduction in likelihood of nega-

tive outcomes). Prognostic studies include those on overall prognosis

which measure the risk of future events in a broadly defined popula-

tion with a specific medical condition.7 Another prognosis study

type is the development of risk assessment models, commonly called

clinical prediction guides (CPGs), which combine patient and dis-

ease characteristics to identify the risk of future events for an indi-

vidual with a specific medical condition.8–10 CPGs constitute the

base for practicing personalized medicine, optimizing the use of ef-

fective interventions and potentially reducing waste of health resour-

ces.11

The volume of published medical literature has steadily grown

over time, making it difficult for guideline developers and research-

ers to stay abreast of newly generated knowledge.12 Retrieving stud-

ies on diagnosis, treatment, and prognosis is a critical step toward

producing clinically relevant and trustworthy recommendations.

Database search strategies for studies on diagnosis13–15 and treat-

ments16–18 have been developed and validated in the past. Previous

efforts to derive and validate search strategies for prognostic stud-

ies19–21 have been hampered by the relative paucity of publications

and the lack of standardization, with reporting22,23 and appraisal

guidance7,24–27 becoming available only recently. Also, most of the

proposed search strategies use Medical Subject Heading (MeSH)

terms, a controlled vocabulary used by the National Library of Med-

icine to index articles for PubMed and MEDLINE. However, MeSH

terms may only become available 3 weeks to 7 months after the ini-

tial publication date, depending on the discipline and journal impact

factor,28,29 thereby decreasing the sensitivity of commonly used

search strategies like the one derived as part of the Hedges pro-

cess.19,20 Whether planning a guideline development process, main-

taining an ongoing literature surveillance service, or searching for

specific information to manage an individual case, minimizing the

number of references needed to read (NNR) while capturing recent,

relevant evidence is critical.

OBJECTIVE

This article describes the derivation and validation of a strategy to

retrieve overall prognosis studies and CPGs that does not rely on

MeSH terms. We focused on improving specificity and precision of

the new search strategy trading off sensitivity in order to limit the

NNR and increase efficiency. This would be an advance for the field

as most published search strategies for prognostic studies rely on

MeSH terms and may miss recently published literature.

MATERIALS AND METHODS

Search strategy development
We focused on “method” terms, without using any content term,

and limited the search to the journals currently included in the litera-

ture surveillance process for DynaMed (EBSCO Health, Ipswich,

MA). We chose PubMed as our target database. To develop our

search strategy, we used the Hedges database30,31 which was

designed for the purpose of developing and testing optimal search

strategies to gather clinically relevant and methodologically robust

references. For this study, we used the set of articles classified as

prognosis or CPGs from 78 journals in the Hedges database.30 We

combined terms from the Hedges “sensitive” search strategies for

CPGs and overall prognosis studies.32,33 MeSH terms were removed

and replaced with similar text terms yielding the highest sensitivity

in the Hedges database. Using a set of 100 references fulfilling our

criteria (see Reading Criteria and Training section below), we ex-

plored the impact of introducing search terms using the semantic

text mining approach proposed by the Canadian Agency for Drugs

and Technologies in Health34 and the methodological search strat-

egy development and evaluation strategies proposed by Jenkins.35

First, the value of including single terms with the highest predictive

values34,35 was assessed. Second, PubMed PubReMiner36 was used

to identify frequently occurring terms in the title and abstract of

references captured in the first phase of the study. Terms were com-

bined in a stepwise fashion using the Boolean operator “OR.”

Third, Voyant37 was used to perform a frequency analysis of phrases

in the title and abstract and to identify words in proximity that

might be used to build the search strategy. Various candidate strat-

egy combinations were tested in the Hedges database to maximize

specificity and precision, and the best combination became our can-

didate search strategy used in all subsequent analyses detailed be-

low.

Reading criteria and training
Criteria for assessing overall prognosis studies and CPGs as sound

were adapted from the McMaster Plus critical reading criteria.38

Overall prognosis studies were categorized as sound when reporting

data from an inception cohort of patients at a common, early, well-

defined stage of disease who are at risk of developing a clinically im-

portant outcome. CPGs were assessed as sound if studies reported

the validation (with or without derivation) or impact assessment of

a risk assessment model including � 2 prognostic factors intended

for clinical use. Studies assessing individual prognostic factors were

excluded. An expert reader (FF) was trained to identify sound refer-

ences until an agreement of 0.9 was reached when compared to the

assessment of the same articles independently performed as part of

the McMaster PLUS process. When the expert reader (FF) was in

doubt, she would flag references as “uncertain” and classification

was made by panel assessment (PK, AI). The set of 100 true positive

references used to refine our search strategy were identified during

this training period.

Reference classification assessment
Our new search strategy was run weekly, from March to October

2019 on 269 journals included in the DynaMed (EBSCO Health,

Ipswich, MA) literature surveillance process. Retrieved references

were uploaded into a reference management system, DistillerSR (Ev-

idence Partners, Ottawa, Canada). Using the random sort function,

we read until � 20 random abstracts per journal were reviewed.

During this search period, 15 journals did not retrieve the required

20 references. Therefore, we expanded our search period solely for

this subset from September 2018 to March 2019. If 20 references

were not found in this expanded timeframe, the journal and its refer-

ences were removed from the dataset.

Based solely on data presented in the abstract, the expert reader

used a standardized data collection form and classified the reference

status (included, excluded, or uncertain) and type (overall prognosis

or CPG). When the abstract did not provide sufficient information

to confirm eligibility, the reference was marked as uncertain and ad-

judicated by panel discussion (FF, AI, PK). Annotation was per-
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formed for all abstracts that were included or deemed uncertain,

specifically highlighting the sentences that led to this decision. For

the subset of references retrieved from journals surveyed both for

this study and McMaster PLUS,39 the classification in the PLUS

database was retrieved and compared to the study data; discrepan-

cies were adjudicated by panel discussion (FF, AI, PK).

Search strategy assessment
We measured the performance characteristics of our search strategy

against the Hedges database30 by comparing the categorization of

study type (overall prognosis or CPG) and the quality (sound or not

sound) listed in Hedges. Details about calculation of performance

characteristics are provided in Supplementary Appendix SA. Of

note, we had to address a critical difference in the process used to

categorize references in the Hedges database compared to our pro-

cess, specifically, that diagnostic CPGs were classified as true posi-

tives for the CPG category in Hedges. To address this issue, we

asked our expert reviewer to classify a pool of references using our

assessment criteria containing, among others, the CPGs missed by

our search strategy when tested against the Hedges database. The

expert reader was blinded to the original assignment in the Hedges

database.

In addition, we compared the search strategy derived in this

study to 7 strategies previously published in the literature.21,40–43

We ran each of the published strategies in PubMed limited to the

same search dates as used during our reference classification assess-

ment process (see above). This allowed us to compare how many

citations (true and false positives) would have been retrieved with

each of the other published search strategies over the same period of

time. From this, we calculated the performance of each filter when

compared to our standard dataset. We also compared the total num-

ber of references that would be retrieved over a 1-year period by

each of the published search strategies as compared to our new one

using 2018 as the test year.

Expected journal yield
We applied our new search strategy to journals yielding at least 1

overall prognosis study or CPG meeting our inclusion criteria over a

1-year period (January–December 2018) in order to estimate the

expected contribution of prognostic evidence from each. We used

the estimated NNR for each journal (expected number of true posi-

tive references as a result of reading that journal) and calculated the

pooled NNR for the set of journals used in this study.

Statistical consideration
Based on the relative proportion of published prognostic references

observed in the McMaster PLUS database, we expected to retrieve

approximately 200–300 sound references from reviewing approxi-

mately 5000 references, which we deemed sufficient to estimate the

overall performance given the experience in the Hedges database.40

Assuming independence of the samples, reading 20 references per

journal would predict with 95% certainty that the NNR is � 7.

RESULTS

Using our new search strategy, 16 089 references were retrieved

from 269 journals. From this, 6907 references were randomly se-

lected and appraised and yielded 285 (4%) sound studies, of which

147 (52%) were overall prognosis studies and 138 (48%) were

CPGs. At least 1 sound overall prognosis study or CPG was identi-

fied at abstract review from 154 journals that provided � 20 refer-

ences. To compare the reference classification performed in this

study to a published gold standard, we assessed 2969 (42% of total)

references that were also included in the McMaster PLUS database

and found that only 121 (4%) had discrepant classification as a

sound overall prognosis study or CPG.

Performance characteristics for our new search strategy are

reported in Table 1. The sensitivity of our search strategy against the

Hedges database (containing references from 2011) was 84% for

both overall prognosis and CPGs. In addition, compared to the

Hedges sensitive strategies, the new search strategy was slightly less

sensitive for overall prognosis (82% vs 90%) and for CPGs (90% vs

96%).

Table 2 shows the performance of previously published search

strategies when assessed against our standard set of 285 positive and

6622 negative references. Only 1 of the existing strategies outper-

formed our new search strategy with respect to precision and NNR

(ie, 1/precision).21

Finally, we examined the impact of journal selection on search

strategy performance. When all 269 journals were included, the new

strategy presents an estimated NNR of 20 (Table 3). See Supplemen-

tary Appendix SB for the performance of the new search strategy for

154 journals, ordered by NNR, that produced at least 1 sound over-

all prognosis article or CPG during our original search period. In ad-

dition, Supplementary Appendix SB details the number retrieved

when our search strategy was used for the dates of January–Decem-

ber 2018 alongside the expected number of positive references for

that same period.

DISCUSSION

We have developed and validated a precise and efficient (ie, low

NNR) search strategy, independent of MeSH terms, for retrieving

sound overall prognosis studies and CPGs. We compared this strat-

egy on a core set of clinical journals and found that it favorably

compares with the previously published Hedges strategies and other

published strategies.21,31,40–43 We believe that this strategy can be

used by others who are looking to incorporate the most current

prognostic evidence into surveillance processes.

Our proposed search strategy might be adapted to various

scopes. When resources are not a limitation and inclusiveness is the

highest value, such as when performing a systematic review for a

question related to prognosis, our method block coupled with con-

tent terms, with or without limitations as to publication type or

date, can provide sufficient sensitivity. When searching for prognos-

tic evidence at the point of care or in the framework of a guideline

development process, combining our method block with the appro-

priate content block and restricting the search to the relevant spe-

cialty journals or to a core set of clinical journals can significantly

reduce the workload of screening. Indeed, using search strategies

such as the one developed in this study could help guideline develop-

ers in their struggle to keep guidelines current.39,44–51

Our article has both strengths and limitations. With respect to

strengths, our new search strategy has been assessed for its capacity

of supporting retrieval of sound clinical evidence in the field of over-

all prognosis and CPGs, both of which are directly applicable to

medical decision-making. To the best of our knowledge, previously

proposed search filters focused on the 2 categories separately, or in-

cluded prognostic factor research which is less applicable to clinical

practice.21,40–43 Therefore, when the scope of searching is to support

production of clinical recommendations, our proposed strategy may
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be more efficient. Second, our new search strategy is independent of

MeSH terms, which ensures retrieving recently published and not

yet indexed citations, which would be missed by using standard

strategies52,53 or relying on systematic reviews.47,54–56 Third, we

have explicitly explored the impact on precision of focusing on a

subset of journals more likely to publish prognostic studies, which

has not been done previously. With the proliferation of medical

journals, it becomes critical to evaluate the benefit and cost of

searching the universe of PubMed and other databases. Indeed, the

assumption that all reports of trials about a specific intervention

need to be retrieved and analyzed to minimize bias is considered

valid for experimental evidence (ie, randomized controlled trials);

how relevant such completeness is for an observational field like

prognosis is unknown. Therefore, focusing on a subset of journals

might allow us to capture and use the best prognostic evidence with-

out inflating the budget and resource requirements to unsustainable

Table 1. Overall performance characteristics of the new search strategy against Hedges

Search Strategy Sensitivity (%) Specificity (%) Accuracy (%) Precision (%)a

Performance in retrieving prognosis or CPGs

New strategy

Terms: prognos*[TIAB] OR cohort [TIAB] OR validat*[TIAB] OR predict*

[TIAB] OR mortality [TIAB] OR follow up [TIAB]

84 80 80 2

Performance in retrieving prognosis

New strategy 82 80 79 1.5

Hedges sensitive prognosis search strategy terms

incidence [MeSH: noexp] OR mortality [MeSH Terms] OR follow up studies

[MeSH: noexp] OR prognos*[Text Word] OR predict*[Text Word] OR

course*[Text Word]

90 80 80 2

Performance in retrieving CPGs

New strategy 90 79 79 0.8

Hedges CPG search strategy Terms: predict*[Title/Abstract] OR predictive

value of tests [MeSH Term] OR scor*[Title/Abstract] OR observ*[Title/

Abstract] OR observer variation [MeSH Term]

96 79 79 1

Abbreviation: CPG, clinical prediction guide.
aPerformance characteristics were assessed against the Hedges 2011 database.30 The performance characteristics of the sensitive Hedges search strategy (includ-

ing MeSH terms) are presented for comparison.

Table 2. Performance characteristics of new search strategy vs published search strategies

Search Strategy Sensitivity (%) Specificity (%) Accuracy (%) Precision (%)

New strategy NAa 19 22 5

Ingui42 82 43 45 6

Hayden43 48 68 68 6

Geersing21 36 86 84 10

YALE–141 94 29 31 5

YALE–241 38 73 72 6

Teljeur/Murphy–2640 88 35 38 6

Teljeur/Murphy–2240 66 58 58 6

For each of the strategies, the performance characteristics were assessed for their performance in identifying the 285/6907 positive references in our set, there-

fore sensitivity could not be calculated.

Table 3. Estimated Yield of new search strategy vs. published search strategies

Search Strategy NNR 2018 Yield, no journal

restrictiona

2018 Yield, selected journalb Expected yearly yield, journal subset

New strategy 20 303 263 21 676 1084

Ingui42 17 376 848 21 041 1262

Hayden43 17 179 050 20 953 1257

Geersing21 10 72 679 5213 521

YALE–141 20 410 110 34 680 1734

YALE–241 17 204 225 24 444 1467

Teljeur/Murphy–2640 17 535 412 39 337 2360

Teljeur/Murphy–2240 17 187 062 12 910 775

Abbreviations: CPG, clinical prediction guide; NNR, number needed to read.
aYield ¼ strategy AND 2018/01/01:2018/12/31[dp] AND 269 journals.
bYield ¼ strategy AND 2018/01/01:2018/12/31[dp] AND selected 154 journals that returned > 20 references for prognosis and CPGs.
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levels. To this end, our article provides an empirical objective mea-

sure of the performance of a large set as well as a smaller subset of

medical journals.

Our article also has limitations. First, this was a pragmatic study in

which we made pragmatic decisions in sizing the study (eg, reviewing

20 references per journal). However, our set is almost as large as the

high-quality studies included in the prognostic segment of the Hedges

database, which counts 1781 references classified as either prognosis

(1547, of which 190 assessed as high-quality) or CPGs (234, of which

91 assessed as high-quality). In addition, the robustness of the search

strings derived on the original Hedges database was confirmed

twice,30,57 suggesting the sample size of approximately 300 high-

quality studies would allow for robust inference. Second, our objective

was to improve specificity and precision of the search strategy for over-

all prognosis studies and CPGs rather than focus on its sensitivity.

Therefore, we focused on the return set of our empirically generated

search strategy and trimmed it to reduce the “noise” of irrelevant stud-

ies without losing significant sensitivity. Although we did not expect to

improve sensitivity over that of the Hedges search strategy, we did find

that our final search strategy had not lost sensitivity. Third, we did not

perform duplicate classification for all the references in our dataset.

However, both the initial calibration of the appraiser against the panel

assessment and the measure of agreement for references overlapping

with the McMaster PLUS project showed an interrater agreement of

0.9. Finally, our analysis was limited to a small random sample of refer-

ences, which may have resulted in unstable estimates, particularly with

respect to journal yield of prognostic studies, as this may vary depend-

ing on the mix of references published by each journal over a specific

period of time. Additional studies on larger independent samples are

needed to confirm these results.

Further assessments and possible refinements to our search strat-

egy are likely needed. First, this search strategy needs to be validated

on a larger database. As our new search strategy will be adopted as

routine for the literature surveillance of the DynaMed process,

newly accumulated data will allow for prospective validation and

possible refinement of our estimates. In addition, we plan to review

the annotation of the abstracts of all sound and uncertain references

(ie, the sentences driving the choice to include or not include) from

this study. This will be used to perform patient-intervention-

comparator-outcome (PICO)-based coding of a subset of references

to support development of an artificial intelligence/deep learning al-

gorithm to assess if further increases in precision are possible with-

out decreasing sensitivity of our search strategy.

CONCLUSION

We recommend using this search strategy as a valid base to build

disease-specific searches to retrieve the prognostic evidence to assist in

clinical decision-making. Our search strategy appears to be as sensitive

as the gold standard Hedges-based search strategies for overall progno-

sis studies and CPGs, potentially more specific for CPGs, and highly ef-

ficient when applied to journals with a good yield for prognostic

references. In addition, while the sensitivity, specificity, and accuracy of

a search string do not change much with the underlying “prevalence”

of good references, the precision of the search does increase signifi-

cantly when there are more positives to retrieve. Therefore, when effi-

ciency of searching is more important than comprehensiveness,

applying this new search strategy to select journals known to publish

the desired type of references may be a useful strategy.
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