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CHAPTER 1. INTRODUCTION 

1.1 Background 
1.1.1 Systematic Review Process 
Systematic reviews and related evidence synthesis products (e.g., rapid reviews, scoping reviews) form 

the basis of evidence-based healthcare. According to the Cochrane Collaboration website, “A systematic 

review attempts to identify, appraise, and synthesize all the empirical evidence that meets pre-specified 

eligibility criteria to answer a specific research question.”1 The systematic review process includes the 

application of scientific methods to identify and evaluate the studies they summarize, yielding rigorous 

appraisals of the evidence for a given topic.2-4 From summarizing and evaluating evidence for providers 

and patients to informing guidelines that direct individual patient and provider decisions, systematic 

reviews form the basis of evidence-based healthcare and health policy.5  

The steps in the evidence synthesis process include the following: 

Topic development. In this step, researchers define the specific question(s) they want to answer, develop 

an analytic framework that illustrates the mechanism by which the Population of interest may be affected 

by the Intervention or Exposure of interest in comparison with relevant Comparators to impact the 

Outcomes of interest. This constitutes the widely used PICO (Population, Intervention/Exposure, 

Comparator, Outcome) formulation, which defines the selection of studies for inclusion in a systematic 

review and the data to be extracted and summarized. 

Literature identification. In this step, the PICO elements are translated into a search query by 

identifying synonyms and subject terms and combining them with the appropriate Boolean operators (OR, 

AND, or NOT). The query is typically developed for one database (e.g., Medline) and then translated for 

other relevant databases (e.g., Embase), and the titles and abstracts of the identified citations are then 

screened for relevance. Citations deemed relevant during abstract screening are screened in full text, and a 

final corpus of studies for inclusion in the review is defined. 

Data extraction. In this step, relevant data from each included study are extracted from study reports, and 

the risk of bias in the study is assessed. 

Analysis and synthesis. In this step, the data are collected into tables, and narrative analyses, and, when 

appropriate, meta-analyses summarize the results across studies. The review team then makes conclusions 
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regarding outcomes. Often, the review team goes through the additional step of determining the strength 

(or certainty) of evidence across studies for each conclusion (outcome). 

Reporting. The systematic review is written up as a final report and shared with relevant stakeholders 

and, ideally, the public. 

This dissertation focuses on ways to improve the quality and reduce the time and resources spent during 

the literature identification step, specifically in the process of search query development. This step is 

fundamental to a systematic review because it generates the potentially relevant evidence for screening. 

Missed studies compromise the comprehensiveness of the systematic review process, while, on the other 

hand, searches with poor specificity compromise the efficiency of the process. 

1.1.2 Too much literature, too little time 
The Cochrane Collaboration, an international network of independent researcher volunteers who conduct 

systematic reviews and develop methodologic guidance for their conduct, is perhaps the best-known 

source of systematic reviews. Over the past 30-plus years, the Cochrane Collaboration has built and 

sustained a reputation for providing high-quality and unbiased systematic review evidence.6-8 It has 

codified its recommended methods in The Cochrane Handbook for Systematic Reviews of Interventions 

(“Cochrane Handbook”), a highly regarded and comprehensive manual for conducting evidence 

syntheses.  

The Cochrane Handbook recommends identifying a corpus of potentially relevant articles using 

“thorough, objective and reproducible” search queries, and then screening this set in duplicate.9 This 

methodology leads to queries implemented in multiple medical literature electronic databases, which are 

designed to cast a wide net, resulting in review teams commonly needing to screen tens of thousands of 

records (typically titles, abstracts, and publication data) to identify potentially relevant articles (often 

hundreds), which must be further screened in full-text. Literature identification, including searching for 

studies and screening the resulting citations to identify the relevant literature, plus data extraction, account 

for approximately two-thirds of the time required to conduct a systematic review.10 Thus, the desire to 

identify every relevant article must be balanced against time, resource, and budget constraints.11  

The balance between expansive, comprehensive queries and resource limitations may introduce a 

potentially significant bias: queries are commonly artificially limited to return only the number of 

citations considered feasible for the team to screen. If the articles missed have similar results to those 

found, the only consequence is a lower certainty of evidence (largely stemming from lower precision) for 

any conclusions drawn from the systematic review synthesis. However, if the search query systematically 

misses a specific subset of studies, the review results could be biased.12 13 For example, hypothetically, if 
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the clinical trials that report the effectiveness of an intervention are identified but the cohort studies of 

harms are missed, the report could mistakenly conclude that a given intervention is more effective and 

less harmful than it really is. Medical librarians play an important role in developing unbiased, 

comprehensive search queries that appropriately balance the requirement to identify all relevant studies 

with the constraints of the team’s time and budget.14 However, not every review team has access to an 

experienced librarian, and, even for trained librarians, the development of queries is time-consuming. One 

study that surveyed 185 librarians reported that the mean time it took to develop and translate search 

queries for a single review was 26.9 hours (median 18.5 hours).15 Recent studies, evaluating hundreds of 

reviews, have shown that queries developed without the inclusion of a medical librarian were less likely 

to appropriately incorporate key aspects, such as subject headings, adequate natural language terms and 

truncation, translation of the base query into other databases, and documentation of the search process, 

including the specific query, in a reproducible way.14 16 Thus, there is a clear need for tools that assist in 

the design and development of high-quality search queries. 

1.1.3 Semi-automation in evidence synthesis 
Many tools to semi-automate search query development and abstract screening use natural language 

processing, a combination of text mining and machine learning. Text mining has been characterized as “a 

variety of processes that enable discovery of words and patterns in collections of text.”17 The primary 

goals of text mining are to retrieve and extract information from unstructured text, and then to look for 

patterns. Machine learning models, such as support vector machines, random forests, and neural 

networks, can be used to find relevant documents or extract data. Natural language processing combines 

text-mining tools and machine learning models to make sense of unstructured human language for a 

specific objective, such as classification, ranking, retrieval of relevant documents, text generation, text 

extraction, and relation extraction. Recent advances in natural language processing have yielded language 

models that are pretrained on textual data from large amounts of text (usually from the Internet) to predict 

which words generally follow specific sequences of other words, then these models are retrained (fine-

tuned) on a smaller dataset that is specific to the desired task. At a basic level, transformer-based language 

models take an input sequence and translate it to an output sequence. One of the first broadly used 

transformer-based language models the Bidirectional Encoder Representations from Transformers 

(BERT) model.18 19 BERT produces a representation for every token (word part) in context, using tokens 

both before and after the token of interest (hence bidirectional) for prediction. The success of BERT has 

spawned the development of increasingly large pretrained decoder-only large language models, such as 

T5, ChatGPT, and Claude.ai. Unlike bidirectional models, decoder-only models only use tokens before 

the token of interest for prediction of the next token, this makes them exceptionally good at text 

generation.20 
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Text mining and machine learning during abstract screening. Traditional abstract-screening tools that 

use text mining and machine learning to assist in the screening of records identified from the search query 

have been extensively used and studied.11 These tools use a series of human labels (e.g., “accept” or 

reject”) to estimate the probability that each of the abstracts that have not yet labeled by a human are 

relevant. These predicted probabilities allow each abstract to be ranked and classified as likely relevant or 

likely irrelevant based on an assigned threshold. Training is done either using a single large training set 

(in, for example, an update of a systematic review update where the original review serves as the training 

set) or iteratively over several training sets developed during the screening for an ongoing review,21 a 

strategy known as active learning. A large number of studies have shown that machine-learning 

algorithms are able to rank and classify records accurately, with adequate training.11 22-24 One example of 

such a tool is Abstrackr, which relies on natural language processing, in which a set of 11 support vector 

machines rank each abstract as to the likelihood of relevance of each abstract based on the abstracts that 

have already been screened. Then a “vote” is taken of each model’s prediction, and the prediction of the 

majority of models is used.22 

Research to identify indicators for when the likelihood of missing any relevant studies is sufficiently low 

to justify when a team could stop human screening and rely on the model’s labels for the unscreened 

abstracts is ongoing.25 26 In unpublished prior work on Abstrackr, we simulated the active learning 

algorithm over approximately 50 screening iterations of 24 completed review projects, based on random 

sets of the initial 100 abstracts screened. We evaluated the yield (i.e., the percentage of included citations 

identified by a semi-automated screening process) and gain (i.e., the percentage of citations that are 

rejected by the classifier in the prediction phase and are never read by a human) across the screening 

process at a series of stopping-rule heuristics (e.g., stop after screening half of the citations, stop after a 

specific prediction level is reached, stop after a specific prediction level is reached and a set number of 

sequential abstracts are rejected).  

Figure 1.1.3 shows the results of two possible stopping rules. With one heuristic, shown in the left panel, 

the review team stops human screening at 50% of the corpus or when 3,000 abstracts have been screened, 

whichever comes first (regardless of the size of the corpus). Based on this heuristic, across evaluated 

reviews, a median of 97.8% of relevant abstracts were found (full range 70.8% to 100%) and a median of 

56.6% of citations were not screened by humans (full range 25.3% to 84.1%). In the other heuristic, 

shown in the right panel, the review team stops human screening when the maximum prediction score is 

less than 0.4 and the team has rejected an additional 400 consecutive citations. The cutoff of 0.4 was 

based on our experience screening several dozen projects. The choice of 400 additional rejections was the 

lowest of several tested and is based on calculations that show that the upper 97.5% confidence interval 
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bound for a proportion of 0/400 is less than 1%. We also tested thresholds of 600, 800, and 1000 citations 

after the 0.4 prediction score was reached. Based on this heuristic (maximum prediction score less than 

0.4 and 400 subsequent rejections), across evaluated reviews, a median of 100% of relevant abstracts 

were found (full range 83.3% to 100%) and a median of 30.7% of citations were not screened by humans 

(full range 0% to 74.7%). Although no stopping heuristic had perfect performance over all 50 iterations, 

using random starting sets of citations, heuristics that combine a maximum prediction score threshold and 

a series of negative labels may perform well enough to be practical to implement in most systematic 

reviews. This work is being updated on a new version of the Abstrackr program that runs a BERT-based 

language model pretrained on PubMed abstracts27 and has been implemented in the Systematic Review 

Data Repository Plus (SRDR+) software’s abstract screening tool. 

Figure 1.1.3. Abstract screening stopping rules 
50% or 3,000 Abstracts* 400 Heuristic† 

  

* Stop human screening after 3,000 abstracts or 50% of dataset has been labeled, whichever comes first. 
† Stop human screening when the maximum prediction score is less than 0.4 and we have rejected an additional 400 
consecutive citations. 
Each project is represented as a dot and line, showing the median and range of abstracts not screened at the median 
iteration yield (percent relevant articles found; y axis). All projects above the dashed lines had perfect yield in the 
median iteration. Smaller circles indicate smaller projects. We ran 50 iterations for each project with different 
random starting sets. Black lines indicate projects in which there was little variability between iterations; red lines 
indicate projects in which there was substantial variability between iterations, with some iterations achieving perfect 
yield much later than others, leading to variable gain as well; the blue dot is the project that achieved high yield only 
after all abstracts were screened. 
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Text mining and machine learning in literature search query formulation. There is less evidence for 

the role of machine learning or artificial intelligence in literature search query formulation than there is 

for its role in abstract screening. Most available tools employ text mining to automatically generate terms 

for query expansion, identify related articles through citation analyses, or translate queries for use in 

different databases. A recent evaluation of 21 available tools for query development in the Systematic 

Review Toolbox28 (an online catalogue of tools that support various tasks within the systematic review 

process) concluded that although useful tools are available for most steps of the process, all currently 

available tools struggle with long or complex queries, requiring the user to break the query into its 

component parts (e.g., condition of interest, interventions of interest, eligible study designs).29  

Machine learning models have been used to combine automatic term generation and citation ranking, 

leveraging thesauruses (e.g., MetaMap, MeSH) and human identification of relevant articles.30 31 In one 

example, our team developed Pythia, a tool that uses machine-learning algorithms to rank all of the 

citations in Medline that are available through the PubMed interface based on relevance to a natural 

language prompt, returning the 100 top-ranked citations for human screening.32 The labeled citations are 

then iteratively used by Pythia to refine the query and re-rank the citations, thus alternating between 

searching and screening. When tested against seven completed projects (with an arbitrary stopping 

criterion of 10 rounds of screening or approximately 1,000 abstracts screened), we found that while the 

burden was decreased in most reviews, the sensitivity of Pythia to retrieve the relevant abstracts was low, 

ranging from 8% to 58%. We concluded that the poor sensitivity was, at least in part, because the natural 

language questions have large amounts of implicit domain knowledge (by the humans) that traditional 

machine learning models struggled to encode and parse. For example, in the Nonmelanoma Skin Cancer 

report had two key questions, which translated into two natural language questions: (1) For adult patients 

with basal cell and squamous cell carcinoma of the skin, what is the comparative effectiveness of various 

interventions, overall and in subgroups of interest? And (2) For adult patients with basal cell and 

squamous cell carcinoma of the skin, how do the adverse events associated with the various interventions 

compare overall and in subgroups of interest? However, these seemingly clear questions are translated by 

humans into a complex network of concepts and terms, pertaining to various aspects of the population 

(disease concepts, location concepts, and population concepts), intervention, outcomes, and study design. 

It is likely that Pythia would have performed better with modern pretrained models, such as the BERT-

based models discussed earlier. 

With the rise of artificial intelligence, there is increasing interest in “teaching” large pretrained models to 

parse natural language questions into queries. Wang et al. investigated whether the large general language 

model ChatGPT could be used to formulate Boolean queries. They found that queries developed by this 
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model had extremely poor sensitivity (between 4% and 13% of relevant citations correctly identified), 

albeit with a large reduction in the number of irrelevant citations identified.33 There is a need to improve 

the performance of such models before they can be incorporated into the systematic review process.  

1.1.4 Methods for the evaluation of tools 
With the ongoing development of tools to semi-automate aspects of the query development, it is 

increasingly important to find meaningful ways of evaluating their performance. Hirschman and Blashke 

discuss performance evaluation in depth in their chapter in Text Mining for Biology and Biomedicine.34 

They point out that one must first identify the relevant stakeholders. For systematic review literature 

identification methods and tools, this includes the users (librarians and other systematic reviewers), 

developers (computer scientists and software engineers), and statistical experts. Hirschman and Blashke 

further note that “it is critical to select clear, reproducible, and easily understood evaluation measures.” 34 

Yet, in a 2015 systematic review of studies using tools to semi-automate query development and 

screening, O’Mara-Eves et al. identified 19 evaluations measures.11 My recent (2022) update to this 

review identified an additional 18 evaluation measures, bringing the current total to 37. Some evaluation 

measures have been used frequently, but almost two-thirds were used in fewer than five studies, and 41% 

were used in only a single study. On the one hand, rarely used measures may be less useful. On the other 

hand, they may be used less because they are novel, and this field is evolving quickly. Thus, there is a 

need to identify what existing measures are most useful, as well as the attributes that make them most 

useful. 

Many evaluation measures are based on a standard diagnostic test study two-by-two table, as shown in 

Table 1.1.4. These measures require a reference (“gold”) standard set of accepted and rejected articles. 

However, they are constrained by the fact that the true negative group can be very large. With few accepts 

and many rejects, measures whose workload calculations include true negatives will not change as rapidly 

as their true performance changes. The reference standard set generally comprises the final articles 

included in a well-run systematic review that incorporated multiple literature sources, broad queries, full 

manual screening, etcetera. However, not every topic has a comprehensive or well-run systematic review, 

and in these cases the reference standard may not, in fact, give a full list of included studies. Thus, 

another option is to create a reference standard set by combining the relevant articles found by either of 

the method or tools being compared. O’Mara-Eves and colleagues note that the appropriate evaluation 

measure will depend on the study design and method or tool being evaluated. Some measures may be 

meaningless in measuring the performance of some types of tools. For example, measures designed to 

assess the ability of machine learning tools to adequately rank unscreened abstracts, such as work saved 

over sampling at 95% sensitivity, are not meaningful in the context where a human screens all records and 
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sensitivity may not reach 95%. They also note that these measures are subject to research decisions on the 

cutoff value used, the definition of true negatives, and other similar subjective decisions; thus, a given 

measure may not be directly comparable across studies.11 

Table 1.1.4. Example two-by-two table 
 Records Included in Reference 

Standard 
Records Not Included in Reference 

Standard 
Records identified by Tested 
Tool/Methodology True Positives (TP) False Positives (FP) 

Records not identified by 
Tested Tool/Methodology False Negatives (FN) True Negatives (TN) 

1.2 Specific Aims 
This dissertation aims to move the field of literature identification automation forward, first by 

establishing what evaluation measures (or types of measures) are most valuable to different systematic 

review stakeholders and then by using these measures to empirically evaluate a novel language model. 

The model is fine-tuned on a set of more than 10,000 manually curated titles, research questions, and 

search queries, then it is evaluated using a separate dataset of 57 reviews, which includes the titles, key 

questions, search queries, and the PubMed identifiers (PMIDs) of the final included studies. Finally, we 

use qualitative methods to evaluate the utility of the model for medical librarians.  

The specific aims are: 

Specific Aim 1: Establish which attributes of measures that quantitatively evaluate the performance of 

literature identification tools or methods for systematic reviews are important to stakeholders, through a 

discrete choice experiment. 

Specific Aim 2: Develop a dataset of systematic review search queries and use this dataset to fine-tune a 

large language model that develops de novo search queries. Develop a separate evaluation dataset and 

empirically evaluate this model. 

Specific Aim 3: Use semi-structured interviews with practicing medical librarians to assess how they 

would use the fine-tuned large language model and to guide its further development. 

1.3 Dissertation Structure 
This mixed-methods dissertation is divided into three chapters, corresponding to the three specific aims. 

In the first chapter, we discuss a discrete choice experiment, in which we seek to establish the 

characteristics of measures that are meaningful to evaluate literature identification tools/methods. Based 

on these characteristics, we suggest measures that should be used in reports of the results of new tools so 
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that they can be compared with each other, giving users the information they need (i.e., common set of 

measures) to choose a tool and developers the information they need for future development. 

In the second chapter, we use these measures in the empirical evaluation of a tool that we developed to 

generate search queries from free text. To create this tool, we first cleaned more than 10,000 search 

queries published in the PROSPERO database, and then we used those data to fine-tune a language 

model.  

In the final chapter, we discuss interviews with eight medical librarians about the tool’s performance, how 

it could be useful, and how they would like to see it evolve. 
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CHAPTER 2. A DISCRETE CHOICE EXPERIMENT TO ESTABLISH THE 
ATTRIBUTES OF MEASURES THAT ARE USEFUL FOR EMPIRICALLY 

EVALUATING NOVEL LITERATURE IDENTIFICATION TOOLS 

2.1 Introduction 
Systematic reviews and related evidence synthesis products (e.g., rapid reviews, scoping reviews) form 

the basis of evidence-based healthcare.5 Yet they are expensive and time-consuming to produce, often 

requiring more than 1,000 person-hours of labor.10 Literature identification, including searching for 

records and screening the resulting records to identify the truly relevant records, plus data extraction, 

account for approximately two-thirds of the time required to conduct a systematic review.10 Automation of 

these time-consuming processes has the potential to reduce the time and costs of systematic reviews, 

helping ensure that these important products will not be avoided or abandoned due to their expense.35 

Despite the wide variety of tools that have been developed over the past 15 years to assist in the literature 

identification process,36 the uptake of existing tools by systematic reviewers has been low. The low uptake 

has been attributed to two major factors. First, there is a lack of trust in existing tools, and second, many 

tools are not easily integrated into current workflows or are difficult for individuals without the relevant 

technical expertise to learn and use.37 A major challenge to establishing trust in new literature 

identification tools is the wide variety of measures that have been employed to evaluate their efficacy. 

This heterogeneity in measures used makes it difficult for the user to compare tools across studies of tool 

performance, thus precluding the comparative analysis required to choose a tool or know how to best 

implement one in the review workflow. In addition, many of the measures used (e.g., F-score) are not 

immediately intuitive and others suffer from ambiguity (e.g., recall/sensitivity, burden). In their 2015 

review, O’Mara-Eves et al. identified 19 measures.11 In 2022, we updated the search and identified 18 

new measures, which brings the total to 37. A few measures were used very commonly, but almost two-

thirds were used in fewer than five studies and 41% were used in only a single study.  

2.1.1 Motivation for a discrete choice experiment 
To establish which measures a variety of stakeholders prefer, and thus which measures to recommend that 

developers use consistently to make tool/method comparison easier, we decided to conduct a survey. We 

initially thought that we would simply ask which measures a variety of stakeholders (e.g., librarians, 
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systematic review methodologists, software developers) would like to see in the evaluation of novel tools 

or methods of literature identification. However, we quickly established that many stakeholders are not 

explicitly familiar with at least some of the measures that have been used to date, and when asked which 

they liked best, they expressed a lack of sufficient knowledge to choose. Thus, we decided to take a step 

back and see if there were certain attributes of each measure (such as whether it represented a count or a 

ratio, how it changed across data sets, and so on) that would allow us to categorize the types of measures 

preferred and thus recommend specific measures to be reported more consistently. Again, we were 

concerned that explicitly eliciting this information would not be useful because the stakeholders do not 

necessarily consciously conceptualize measures by their attributes, though they may still map to those 

attributes in deciding which measure they prefer.  

We chose to use a discrete choice experiment, where users are given a series of questions in which they 

choose between two or more alternatives. Each alternative has (or does not have) a series of attributes, 

and the choices made by respondents between the option sets that differ in one or more attributes can be 

used to learn about overall preferences for these attributes (i.e., which attributes are most important to 

stakeholders). This, in turn, can be used to predict their choices for measures with similar or different 

combinations of attributes.38 For this experiment, we collected the measures that have been used in 

published studies, identified a set of five attributes that could be used to describe the measures at a broad 

level, and performed a discrete choice experiment via a survey to elicit stakeholders’ beliefs about the 

relative importance of each attribute.  

Because the terminology in this report may not be immediately intuitive, Table 2.1.1 lists the terms used 

in this chapter, their definitions, and an example of each. 

Table 2.1.1. Terms used and their definitions 
Term Definition Examples 
Measure A way of describing the performance 

of a literature identification tool 
Sensitivity, precision, work saved over sampling 

Set Group of measures that together 
indicate the performance of a literature 
identification tool 

True positives + precision + total number identified 

Pair Two measure sets that are compared 
with the respondent choosing the one 
they prefer 

True positives + precision + total number identified 
vs. 
Sensitivity + accuracy + total number identified 

Attribute Abstract characteristic of a measure 
that may define why the measure is or 
is not preferred  

Relevant records correctly identified as a number or 
a ratio 

Scenario Hypothetical use case that is intended 
to help establish which measures are to 
be compared 

Scenario 1: Comparison of two queries/database 
search strategies.  
Scenario 2: Comparison of two computer-aided 
screening processes (machine-learning models) that 
have been trained in different ways. 
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2.2 Methods 
2.2.1 Collecting the measures 
In their 2015 review, O’Mara-Eves et al. identified 44 records that used 19 measures at least once in 

assessing the performance of a novel tool or method to identify (search or screen) literature for evidence 

synthesis.11 We updated of their search in September 2022, and identified 100 new relevant records (flow 

diagram in Figure 2.2.1) and 16 new measures since 2015. Our ongoing monitoring of the literature in 

Medline via PubMed through July 2023 identified 2 more records with measures not previously 

identified. Thus, we identified a total of 37 measures used in 102 records. A few measures were used very 

commonly, but almost two-thirds were used in fewer than five studies and 41% were used in only a single 

study. 

Figure 2.2.1. Flow diagram  
 

 

For this evaluation, we used only the 16 measures whose calculations are based on two-by-two tables. 

Table 2.2.1-1 illustrates the two-by-two tables used in calculating the measures. Table 2.2.1-2 lists the 

measures, their definitions, and their formulas. To provide context, we divided the measures into two 

scenarios: 
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Scenario 1: Comparison of two queries/database search strategies: “You are reading/reporting a study 

that contrasts two queries representing different literature identification methods, such as database queries 

written by a human vs. ChatGPT or a database query vs. citation tracing strategy.” The 11 measures 

included in this scenario all assume that the entire corpus is manually screened and therefore rely on a 

single two-by-two table.  

Scenario 2: Comparison of computer-aided screening processes (machine-learning models) that 

have been trained in different ways: “You are reading/reporting a study that contrasts two literature-

identification methods.” The five measures included in this scenario are calculated using two two-by-two 

tables: one for records that are manually screened and one for those screened only by the tool.  

Table 2.2.1-1. Two-by-two tables 

Scenario 1 

 Records Included in Reference 
Standard 

Records Not Included in 
Reference Standard 

Records identified by Tested 
Tool/Methodology TP FP 

Records not identified by 
Tested Tool/Methodology FN TN 

 

Scenario 2 

 Records Screened by  
tool + humans 

Records screened by  
tool only 

 Records 
Included in 
Reference 
Standard 

Records Not 
Included in 
Reference 
Standard 

Records 
Included in 
Reference 
Standard 

Records Not 
Included in 
Reference 
Standard 

Records identified 
by Tested Tool/ 
Methodology 

TPL FPL TPU FPU 

Records not 
identified by Tested 
Tool/Methodology 

FNL TNL FNU TNU 
 

Notes: L = human-labeled records; U = unlabled records; TP = true positive; FN = false negative; FP = false 
positive; TN = true negative; P = positive; N = negative. 

Table 2.2.1-2. Measures, definitions, and formulas for each scenario 
Scenario Measure Definition Formula 

Scenario 
1 

Sensitivity/ 
recall 

Number of relevant articles 
identified among all 

relevant articles 

TP
TP + FN 

True Positives Number of relevant articles 
identified TP 

Accuracy 
Total number of correctly 
classified items divided by 
the total number of items 

βTP + TN
β(TP + FN) + FP + TN 

Error 
Total number of falsely 

classified items divided by 
the total number of items 

βFP + FN
β(TP + FN) + FP + TN 
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Scenario Measure Definition Formula 

Precision/Positive 
predictive value 

(PPV) 

The proportion of articles 
identified as being relevant 

by the tool that are truly 
relevant 

TP
TP + FP 

Negative Predictive 
Value (NPV) 

The proportion of articles 
identified as being not 

relevant by the tool that are 
truly not relevant 

TN
TN + FN 

Specificity 
Number of articles 

identified as irrelevant 
among all irrelevant articles 

TN
FP + TN 

Number needed to 
read (NNR) 

The number of articles that 
must be screened to find one 

relevant article 

TP + FP
TP  

Positive likelihood 
ratio (LR+) 

Indicates the increase in 
odds favoring the likelihood 

of inclusion given 
identification by the 
tool/methodology 

TP
TP + FN
FP

FP + TN
 

Correlation 
coefficient (CC) 

Measures the differences 
between actual values and 

predicted values and is 
equivalent to the chi-square 

statistic for a 2 x 2 
contingency table 

(TP ⋅ TN) − (FP ⋅ FN)
+(TP + FP)(TP + FN)(TN + FP)(TN + FN)

 

F-score family of 
measures 

A weighted harmonic mean 
of Sensitivity/Recall and 

Precision 

(β! + 1)TP
(β! + 1)(TP + FP + β!FN) 

Scenario 
2 

Absolute screening 
reduction 

Number of items rejected by 
the classifier FNU + TNU 

Sensitivity of the 
process (Yield) 

The proportion of included 
records identified by a semi-
automated screening process 

(TP" + TP#)
(TP" + TP# + FN" + FN#)

 

Burden 

The proportion of records 
that a systematic reviewer 
has to manually screen to 

identify all relevant articles 

(N" + 	TP" + TP#)
(N)  

Gain 

The proportion of records 
rejected by the classifier in 

the prediction phase and 
never read by a human 

(N#)
(N)  

Combined 
Sensitivity of the 

process (Yield) and 
Burden 

Relative measure of burden 
and yield that takes into 
account preferences for 

weighting these two 
concepts 

(β ⋅ yield) + (gain)
β + 1  

Work saved over 
sampling (WSS) 

Proportion of papers that 
reviewers do not have to 

read because they have been 
screened out by the 

classifier 

(TN# + FN#)
N − (1 − β)  

Notes: Scenario 1 in purple and scenario 2 in green. L = human-labeled records; U = unlabled records; TP = true 
positive; FN = false negative; FP = false positive; TN = true negative; N = total number 
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We used dummy data to calculate plausible values for each measure: one for a tool that performed well 

and a second for a tool that performed less well. We then put the measures into sets that included all 

measures required to define a tool. Each set included (1) a measure to establish whether the tool identifies 

all relevant records (sensitivity), (2) either a measure assessing workload alone or a combined measure 

assessing sensitivity and workload, and (3) the total number of records identified.  

2.2.2 Establishing the attributes 
Over a series of meetings, two members of the team looked closely at the 16 measures to establish 

meaningful attributes. The goal of this project is to evaluate the attributes of the measures rather than 

measures themselves. Thus, there must be enough distinguishing features that no profile of attributes 

contains more than two measures for each scenario. In the end, we established five attributes that are not 

colinear (for scenario 1) and are meaningful in terms of the measure’s use and interpretation.  

For measures that establish whether all relevant records are identified: 

Attribute 1: Number vs. ratio of relevant records correctly identified: For the two measures used to 

establish whether the tool identifies all relevant records, the attribute was simply whether the measure 

represented a ratio or not. Thus, whether the measure was (i) simply the number of True Positives or (ii) a 

ratio of the number of True Positives divided by all relevant records, alternatively referred to as 

sensitivity, recall, or yield (in the case of scenario 2).  

For measures that target workload reduction: 

Attribute 2: Dependent on prevalence. Whether the measure is affected by the prevalence of included 

records in the overall population (N measures with this attribute = 7). This is important because 

prevalence will change between evaluation sets and, in active learning scenarios, over time. 

Operationally, this was determined by whether the measure changed as the prevalence of included records 

in the report changed. 

Attribute 3: Explicitly weights sensitivity and workload. Whether the measure is designed with a 

valuation between sensitivity and workload (N measures with this attribute = 3), indicated by a β in the 

formula (either explicit or implicit). These measures can be used to create a single number that describes 

performance in terms of both sensitivity and workload. For some (e.g., the F1 score and accuracy) the 

valuation is implied to be equal weight; for others (other F scores and Work Saved over Sampling), the 

user is expected to specify a weight for the relative importance of sensitivity. 
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Attribute 4: Increases linearly with workload (N measures with this attribute = 3). These measures 

increase in a linear fashion as workload (True Positives + False Negatives) increases. They can, thus, be 

easily interpreted in terms of the workload reduction. Operationally, this was determined by whether the 

derivative of the measure divided by the derivative of the total workload is greater than 0. 

Attribute 5: Changes slowly under class imbalance. Whether the workload calculations include true 

negatives (N measures with this attribute = 8). Because these datasets tend to be highly imbalanced, with 

few included records and many rejected records, measures whose workload calculations that include true 

negatives will not change as rapidly as screening burden changes. For example, when looking at database 

search strategies where the pool of potentially relevant records is in the millions, specificity (True 

Negatives/Negatives) tends to be nearly perfect, even in searches that are not very precise. 

A requirement for the attributes used in a discrete choice experiment is that they can be used to predict 

responder preferences for a new measure with the same combination of attributes.38 For example, in this 

case, we could predict the desirability of  the Diagnostic Odds Ratio, calculated as (True Positives*True 

Negatives)/(False Positives*False Negatives) as a measure. The attributes of the Diagnostic Odds Ratio 

are that it is not dependent on prevalence, includes no explicit valuation between sensitivity and 

workload, is not linear function of workload, and includes true negatives in its calculation. This puts it in 

the same class as the existing measures specificity and positive likelihood ratio.  

Two investigators in conference assigned each set of measures to a profile. Of the 32 potential profile 

combinations across both scenarios, 17 had at least one measure set (14 for scenario 1 and 4 for scenario 

2), and eight had two measure sets (6 for scenario 1 and 1 for scenario 2).  

We presented the measures, calculations, and attributes to three experts (two systematic reviewers and a 

librarian) in a series of research meetings. This was not done as a part of a formal qualitative study but 

allowed us to get feedback on the measure sets and attributes from local experts before incorporating 

them into the discrete choice experiment. After discussion with the experts, the feedback was that the 

chosen attributes were appropriate and sufficient to describe the measures. The measure sets and their 

attribute profiles are in Table 2.2.2. 

Table 2.2.2. Measure Sets 
Attribute 
profile 

Measure Set 1 Measure Set 2 

00001 Scenario 1: N relevant records found (TP), 
specificity, N total records 

Scenario 1: N relevant records found (TP), Positive 
likelihood ratio, N total records 

00010 Scenario 1: N relevant records found (TP), N 
irrelevant records found (FP), N total records 

none 
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Attribute 
profile 

Measure Set 1 Measure Set 2 

00011 Scenario 2: TP, absolute screening reduction, N none 

00101 Scenario 2: N relevant records found (TP), 
combined Sensitivity of the process (yield) and 
Burden at a target yield of 95%, N 

none 

01000 Scenario 1: N relevant records found (TP), 
precision/positive predictive value (PPV), N total 
records 

none 

01001 Scenario 1: N relevant records found (TP), 
Negative Predictive Value (NPV), N total records 

Scenario 1: N relevant records found (TP), 
Correlation coefficient, N total records 

01010 Scenario 1: N relevant records found (TP), 
Number Needed to Read (NNR), N total records 

none 

01100 Scenario 1: N relevant records found (TP), F1 
score (sensitivity and precision are equally 
important), N total records 

Scenario 1: N relevant records found (TP), F20 score 
(sensitivity is 20 times as important than precision), 
N total records 

01101 Scenario 1: N relevant records found (TP), 
Accuracy/Error, N total records 

Scenario 2: N relevant records found (TP), Work 
saved over sampling (WSS) at a sensitivity of 95%, 
N 

10001 Scenario 1: Sensitivity/recall, specificity, N total 
records 

Scenario 1: Sensitivity/recall, Positive likelihood 
ratio, N total records 

10010 Scenario 1: Sensitivity/recall, N irrelevant records 
found (FP), N total records 

none 

10011 Scenario 2: Sensitivity of the process (yield), 
burden/gain, N 

Scenario 2: Sensitivity/recall, absolute screening 
reduction, N 

11000 Scenario 1: Sensitivity/recall, precision/positive 
predictive value (PPV), N total records 

none 

11001 Scenario 1: Sensitivity/recall, Negative Predictive 
Value (NPV), N total records 

Scenario 1: Sensitivity/recall, Correlation coefficient, 
N total records 

11010 Scenario 1: Sensitivity/recall, Number Needed to 
Read (NNR), N total records 

none 

11100 Scenario 1: Sensitivity/recall, F1 score (sensitivity 
and precision are equally important), N total 
records 

Scenario 1: Sensitivity/recall, F20 score (sensitivity 
is 20 times as important than precision), N total 
records 

11101 Scenario 1: Sensitivity/recall, Accuracy/Error, N 
total records 

none 

Notes: Scenario 1 in purple and scenario 2 in green. TP = true positive; FN = false negative; FP = false positive; TN 
= true negative; N = number. 

2.2.3 Designing the survey 
Ideally, we would compare every measure set in a scenario to every other, a full factorial design. For 

Scenario 2, there were only five measure sets and they corresponded to four attribute profiles. So, we 

were able to create a full factorial design, including all possible comparisons in six questions. However, 

for Scenario 1, a full factorial design would have required 91 questions to fully compare all 14 attribute 

combinations represented by the measures. We considered this unfeasible. Therefore, we chose to use a 

D-optimal design,39 in which a subset of comparisons is selected based on an empirical evaluation of 

which attributes and interactions have the most significant effects. This design strategy allowed us to 

prespecify the number of questions and then automatically select the pairs of measure sets for each 
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question. Empirically, the target size to reduce the prediction error should be greater than two to three 

times the number of attributes, which in this case would suggest a minimum of 10 to 15 questions.40 We 

settled on 19 questions, as this is well above the minimum, and internal testing showed that a survey with 

25 questions (the 19 for scenario 1 plus the six for scenario 2) could be completed in about 10 to 20 

minutes.  

The D-optimal design used to select the 19 set pairs from the full set of 91 initially created a series of 

submatrices containing 19 the 91 possible set pairs. It then evaluated the information matrix 

(variance/covariance matrix) of each submatrix and chose the one with the largest determinant.41 The goal 

of this design is to create a subset that best covers the full range of possible attribute combinations.. 

Although, by definition, there is a level of information loss with this method. 

The D-optimal design yielded a set of 19 ordered set pairs for Scenario 1, and the full factorial design 

yielded 6 unordered questions for Scenario 2. We implemented this design through a survey that included 

25 questions, in which the user was asked to choose between two measures represented by different 

profiles (Figure 2.2.3). The survey also included a question about the user’s professional role as it pertains 

to their experience with these measures: librarian, systematic review methodologist, computer 

scientist/software engineer, or statistician).  

Because every set has a non-negative chance of being chosen over every other set, we did not include any 

“honeypot” questions that would by definition have a “correct” answer. Thus, we assume that every 

choice represents that of a thoughtful user.  
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Figure 2.2.3. Example survey questions 

  

 

2.2.4 Circulating the survey 
We sent the survey to known authors of studies of tools, as well as to known librarians and systematic 

review authors. In addition to direct emails, the survey was circulated to list-servs for the Cochrane 

Information Retrieval Group, the Cochrane authors, the Campbell librarians’ group, the Agency for 

Healthcare Research and Quality Evidence-based Practice Centers (EPC) librarians’ group, the EPC 

directors, project leads, and program managers groups, and the Society for Research Synthesis 

Methodology between December 15, 2023, and February 9, 2024. The chance to win a $100 gift card or 

charity donation was offered to all survey completers. Finally, a link to the survey was shared via the 

platform X (formerly Twitter). A reminder email was sent on January 30, 2024, a week before the survey 

closed. The email text is in the appendix. 
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2.2.5 Analysis 
The analysis for this project was exploratory, rather than hypothesis driven. Thus, we explored multiple 

subsets of the data and looked for patterns of choice behavior. We evaluated the data in two separate 

datasets: (1) data in which the respondent chose between measures for at least one question (referred to as 

“any response”); and (2) data in which the respondents chose a measure for every question (referred to as 

“complete responders”). We did not use the full data for any analysis, because the data in which a 

respondent did not select any measure for any question is not useful to understanding the choices between 

measures. We did not conduct any imputation. Finally, we stratified the data by respondent role (librarian, 

systematic review methodologist, computer scientist/software engineer, or statistician) to see if the results 

differed.  

Our analysis is based on McFadden’s random utility theory.38 In this case, we posit that the respondent 

will map each measure set in a given pair implicitly to the five attributes and will choose the option that 

they consider the best alternative. The relative importance of the five attributes will guide the choice, 

allowing the analysis to identify the most important attributes across respondents. For example, when 

given the pair: 

Set A: True positives + precision + total number identified 

versus 

Set B: Sensitivity + accuracy + total number identified 

They may choose set B because attribute 1 (that the relevant records correctly identified be given as a 

ratio) is most important, and they weigh the differences in other attributes as less important. Conversely, a 

respondent who chooses set A, might consider the fact that it does not have attribute 5 (changes slowly 

under class imbalance) the most important factor. Based on the responses given by each participant, we 

can estimate the probability of them choosing another option with similar or differing attributes.38  

To estimate these preference weights, we used a conditional, multinomial logit model. The conditional 

aspect refers to the fact that for every measure set chosen by a given participant, there is a second measure 

set not chosen, due to the experimental design. Thus, the sets in each pair are not independent and must be 

analyzed together. The model estimates the odds that a given attribute will be preferred based on the 

choices made across all respondents and all 20 pairs. These odds ratios make up the utility function, 

which defines how respondents choose measures.38 However, there is also a random component, based on 

unobserved factors of the choice (for example, a user’s familiarity with a given measure),40 which is 

captured in the confidence intervals of each odds ratio.  
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We initially fit a model with only the main effects of the five attributes. This gave us the marginal utility 

of each attribute. To explore interactions among attributes, we specified a model with all interactions for 

which there was at least one measure in common. To select the interactions from this model that are most 

likely to guide preferences, we used Least Absolute Shrinkage and Selection Operation (LASSO) 

regression and cross validation as described by Reid and Tibshirani.42 This analysis allowed us to simplify 

the model and better identify combinations of attributes with the strongest likelihood of being chosen. The 

LASSO analysis provided a series of possible models based on different regularization penalties for large 

coefficients. The regularization penalty keeps the model from putting too much weight on any attribute or 

combination of attributes that might be particular to the data. In the cross-validation step, we tested the 

LASSO-generated regularization penalties to minimize the error on predictions made from model 

parameters on sequentially held out sets of 10% of the data to establish which model performed best. We 

used the interactions that survived in the best performing model plus all of the main attributes in the final 

conditional logistic regression model. 

We ran separate LASSO and cross-validation analyses, as well as final regression models, in the 

following datasets: complete responders, any response, any response limited to librarians, any response 

limited to systematic review methodologists. The number of respondents was too small to create datasets 

for any response limited to computer scientists/software engineers (N participants = 8) or statisticians (N 

participants = 6).  

To establish which specific measures respondents were most likely to prefer based on the relative 

importance of the attributes, we cross multiplied the attribute profiles of each measure set with the weight 

(as an odds ratio) of the likelihood that each attribute or combination of attributes was preferred. This 

allowed us to use the weights identified for each attribute and to predict which measure sets would be 

more likely to be chosen by respondents, despite the fact that we were unable to ask them to compare 

every set as we would have had we done a full factorial design. We could also use these weights to predict 

the desirability of a new set of measures, such as, for example, the Diagnostic Odds Ratio discussed 

above. 

2.3 Results 
2.3.1 Response 
The survey was circulated for nearly 2 months (December 13, 2023, to February 9, 2024). In that time 

156 respondents recorded at least one choice for at least one scenario. Table 2.3.1 shows the breakdown 

of the respondents’ self-identified roles (a respondent could choose more than one role) and Figure 3 

shows the number of respondents, overall and by role, who answered each question. 
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Table 2.3.1. Roles of the participants included in the analysis 
 Scenario 1 Scenario 2 
Role Number, complete 

responders* 
Number, any 
response† 

Number, any response 

Total 51 151 102 
Librarian 38 114 74 
Systematic review methodologist 42 95 73 
Computer scientist/software 
engineer 

0 8 2 

Statistician 1 6 3 
* complete responders chose a measure for every question, †any response chose between measures for at least one 
question. No one in scenario 2 made a choice for every question. 

Figure 2.3.1 shows that the response rate declined across the survey by question. No respondent made a 

choice for every question across both scenarios. However, every question had a choice by a majority of 

respondents. We did not collect demographic data, so it was not possible to explore non-response rates in 

detail, but it appears that systematic review methodologists were somewhat more likely to answer every 

question. Librarians were less likely to answer the questions for scenario 2, which is not surprising, given 

that they often do not participate in subsequent steps of the systematic review after the literature search is 

complete. The numbers of computer scientist/software engineers and statisticians was so low that it is 

difficult to discern any patterns in their response rates, except to say that the following results are likely 

most applicable to tool consumers (librarians and systematic review methodologists) than to tool 

producers. The rest of the results are presented separately by scenario. 

Figure 2.3.1. Number of responses for each question 
All respondents 
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Librarians Systematic review methodologists 

  

Computer scientists/software engineers Statisticians 

  
Legend: Each blue line represents the response to a question. The darker blue lines represent the number of 
respondents who made a choice between measures for that question the medium blue lines represent that the 
respondents selected either “I don’t know enough about the measure to make a choice” or “I consider the measures 
equivalent”. The light blue lines indicate nonresponse to the question. The questions to the left of the black line are 
for scenario 1, the questions to the right for scenario 2.  

2.3.2 Scenario 1. Comparison of two queries/database search strategies with all citations 
manually screened. 
Scenario 1 includes 11 sets of measures, representing 14 attribute profiles. The results of a main effects 

conditional logistic regression model with no interaction terms are presented in Table 2.3.2-1. The results 

are the same in direction and similar in magnitude across everyone and for everyone, librarians, and 

systematic review methodologists. This analysis indicates that respondents prefer sensitivity over true 

positives and prefer measures that increase linearly with burden (i.e., “Did I find all relevant records, and 

how hard did I have to work to do so?”). There was also a more modest (though statistically significant) 

preference for measures calculated using true negatives. Respondents did not seem to care either way if 

the measure was affected by prevalence or was designed with a valuation between sensitivity and 

workload. 
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Table 2.3.2-1. Results of the main effects conditional logistic regression model 
 Predicted odds of being chosen, OR (95% CI) 
Attribute Any response Complete 

responders 
Any response, 
librarians 

Any response, 
systematic 
review 
methodologists 

1 (number vs. ratio of relevant 
records correctly identified) 

1.93 (1.74-2.13) 1.92 (1.66-2.22) 1.94 (1.70-2.22) 2.14 (1.86-2.46) 

2 (dependent on prevalence) 1.02 (0.89-1.16) 0.98 (0.81-1.20) 0.89 (0.75-1.06) 1.14 (0.94-1.38) 
3 (explicitly weights sensitivity and 
workload) 

0.88 (0.77-1.00) 0.86 (0.71-1.04) 0.96 (0.81-1.14) 0.83 (0.69-1.01) 

4 (increases linearly with workload) 2.09 (1.79-2.44) 1.88 (1.50-2.37) 2.30 (1.88-2.81) 1.82 (1.46-2.26) 
5 (changes slowly under class 
imbalance) 

1.28 (1.12-1.46) 1.26 (1.04-1.53) 1.05 (0.88-1.25) 1.44 (1.19-1.74) 

Likelihood ratio test 334.6* 137.9* 234.2* 183.8* 
N observations 4264 1938 2586 2148 
N people 151 51 93 71 
R2 0.151 0.137 0.173 0.164 
AIC 2631 1215 1568 1315 

* The likelihood ratio tests were all highly statistically significant with p ≤ 2 e-16; Statistically significant results are 
in bold; AIC = Akaike information criterion; R2 = R-Squared 

We then explored whether a person's preference for one attribute affects their preference for another. For 

example, if measures that incorporate true negatives are preferred, do respondents prefer them to also be 

dependent on prevalence (e.g., accuracy) or not (e.g., specificity). The interactions we explored and the 

measures they share are presented in Table 2.3.2-2. 

Table 2.3.2-2. Interactions explored and associated measures 
First Attribute Second Attribute Common Measures 
1 (number vs. ratio of relevant 
records correctly identified) 

All others All 

2 (dependent on prevalence) 3 (explicitly weights sensitivity and 
workload) 

F1/F20 score 
accuracy 

4 (increases linearly with workload) number needed to read 
5 (slow changing measures) negative predictive value 

correlation coefficient  
accuracy 

3 (explicitly weights sensitivity and 
workload) 

4 (increases linearly with workload) no measures  
5 (changes slowly under class imbalance) accuracy 

4 (increases linearly with workload) 5 (changes slowly under class imbalance) no measures 
 

For variable selection and regularization, we ran the LASSO and cross-validation on all attributes and all 

interactions for which there were measures in common for each dataset. Because the results for the any 

response, complete responders, librarians, and systematic review methodologists groups were similar and 

yielded the same set of interactions for the final model, only the figures for the any response group are 

shown. Figures and results for the complete responders, librarians, and systematic review methodologists 

are shown in Appendix Figure 1 and Appendix Table 1. Figure 2.3.2 shows that as the regularization 
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parameter (penalty for model complexity and possible overfitting) increases from left to right, the model 

remains stable with all attributes and interactions until just before 0, at which point their estimates begin 

to converge to no effect (left panel) and the model performance on cross validation begins to decline 

(right panel).  

Figure 2.3.2. Results of LASSO regression and cross validation on the model with all 
possible interactions 

LASSO regularization   

 

 

 

Cross validation 

 
Legend: The top plot shows lines for the log odds ratio of each attribute and interaction from no regularization 
penalty for model complexity at left to maximum penalty at right. The horizontal black line represents the “best 
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model” based on regularization parameter values as established through cross validation (l=0.20). Several attributes 
can be seen to converge to 0 before the best model. The bottom plot shows the cross-validation results, again with 
the full model at left, and the model with one variable at right. In this plot the left vertical dashed line shows the 
regularization parameter value (l=0.20) for the best model, and the right dashed line shows the regularization 
parameter value (l=3.65) for the most parsimonious model within 1 standard error of the best model. 

The best regularization parameter based on the cross-validation analysis was 0.20 and yielded the 

estimates presented in Table 2.3.2-3. The most parsimonious model retained only three attributes (1: 

sensitivity measures, 3: combination measures, and 4: workload reduction measures). For our final 

regression, we chose to retain all attributes and the interactions that were not eliminated in the best model. 

Table 2.3.2-3. Results of LASSO and cross-validation analysis 
Variables Best model, OR Most parsimonious model 

within 1 SE of best model, OR 
1 (number vs. ratio of relevant records 
correctly identified) 

1.76 1.81 

2 (dependent on prevalence) 0.88 1 
3 (explicitly weights sensitivity and 
workload) 

0.71 0.98 

4 (increases linearly with workload) 1.64 1.62 
5 (changes slowly under class imbalance) 1 1 
Interaction of 1 and 2 1.41 1 
Interaction of 1 and 3 0.67 1 
Interaction of 1 and 4 1 1 
Interaction of 1 and 5 1 1 
Interaction of 2 and 3 1 1 
Interaction of 2 and 4 1 1 
Interaction of 2 and 5 0.74 1 
Interaction of 3 and 5 2.55 1 

Best model = the model with the least amount of deviation on cross-validation.  

The final model is presented in Table 2.3.2-4. Again, the results are similar for complete responders and 

any response, and generally agree in direction for subgroups based on role. The only main attribute that 

remains statistically significant in this model is the preference for sensitivity. In terms of interactions, the 

interaction of 3 and 5 is large and statistically significant for all subsets, and the interaction of 1 and 2 is 

close to or just statistically significant for most groups.  

Table 2.3.2-4. Results of the final conditional logistic regression model across datasets  
Predicted odds of being chosen, OR (95% CI) 

Attribute Any response Complete 
responders 

Any response, 
librarians 

Any response, 
systematic review 
methodologists 

1 (number vs. ratio of 
relevant records 
correctly identified) 

1.80 (1.31-2.47) 1.72 (1.08-2.74) 1.48 (0.97-2.24) 2.50 (1.58-3.94) 

2 (dependent on 
prevalence) 

0.68 (0.35-1.33) 0.77 (0.29-2.04) 0.42 (0.17-1.03) 0.81 (0.32-2.06) 
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Predicted odds of being chosen, OR (95% CI) 

Attribute Any response Complete 
responders 

Any response, 
librarians 

Any response, 
systematic review 
methodologists 

3 (explicitly weights 
sensitivity and 
workload) 

0.57 (0.31-1.05) 0.55 (0.23-1.30) 0.53 (0.23-1.19) 0.53 (0.23-1.23) 

4 (increases linearly 
with workload) 

1.24 (0.64-2.39) 1.27 (0.49-3.27) 1.05 (0.43-2.54) 1.04 (0.41-2.60) 

5 (changes slowly 
under class imbalance) 

0.59 (0.17-2.05) 0.77 (0.13-4.49) 0.33 (0.06-1.71) 0.58 (0.10-3.21) 

Interaction of 1 and 2 1.57 (1.01-2.46) 1.36 (0.70-2.61) 2.35 (1.31-4.22) 1.25 (0.67-2.34) 
Interaction of 1 and 3 0.54 (0.31-0.91) 0.81 (0.37-1.78) 0.44 (0.22-0.88) 0.47 (0.22-1.00) 
Interaction of 2 and 5 0.99 (0.34-2.87) 0.88 (0.20-3.90) 1.27 (0.30-5.31) 1.03 (0.24-4.39) 
Interaction of 3 and 5 4.38 (1.67-11.48) 3.16 (0.78-12.73) 6.62 (1.83-23.98) 5.39 (1.38-21.02) 
Likelihood ratio test 351.7* 144.8* 252* 193.3* 
N observations 4264 1938 2586 2148 
N people 151 51 93 71 
R2 0.158 0.144 0.186 0.172 
AIC 2622 1216 1558 1314 

* The likelihood ratio tests were all highly statistically significant with p ≤ 2 e-16; Statistically significant results are 
in bold; AIC = Akaike information criterion; R2 = R-Squared 

We also ran a model that incorporated librarians as a factor. We were interested in the interaction of 

respondent role and attributes (i.e., how different professionals would value attributes differently from 

each other). With relatively few data for computer scientists/software engineers and statisticians, we 

focused on whether librarians differed from others, primarily from systematic review methodologists, 

which formed the other large group. The full results of this analysis are presented in Table 2.3.2-5. In 

general, the main effects and attribute interactions are similar to those shown in the other models, but it 

explicitly shows that librarians dislike measures that are dependent on prevalence (attribute 2) and 

measures that change slowly under class imbalance (attribute 5) compared with other roles. 

Table 2.3.2-5. Results of the final conditional logistic regression incorporating librarians 
vs. other roles  

 Predicted odds of being chosen, OR (95% CI) 
Attribute Any response Complete responders 

1 (number vs. ratio of relevant records 
correctly identified) 

1.84 (1.31-2.59) 1.75 (1.07 - 2.87) 

2 (dependent on prevalence) 0.84 (0.41-1.69) 0.92 (0.33 - 2.54) 
3 (explicitly weights sensitivity and 
workload) 

0.51 (0.27-0.95) 0.52 (0.21 - 1.26) 

4 (increases linearly with workload) 1.09 (0.54-2.19) 0.96 (0.36 - 2.61) 
5 (changes slowly under class imbalance) 0.82 (0.23-2.94) 1 (0.16 - 6.12) 
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 Predicted odds of being chosen, OR (95% CI) 
Attribute Any response Complete responders 
Interaction of 1 and 2 1.53 (0.98-2.41) 1.31 (0.68 - 2.55) 
Interaction of 1 and 3 0.55 (0.32-0.95) 0.82 (0.37 - 1.81) 
Interaction of 2 and 5 0.95 (0.32-2.79) 0.88 (0.19 - 3.98) 
Interaction of 3 and 5 4.35 (1.63-11.6) 3.12 (0.74 - 13.07) 
Interaction of 1 and librarian role 0.99 (0.80-1.21) 1.03 (0.77 - 1.39) 
Interaction of 2 and librarian role 0.74 (0.56-0.97) 0.73 (0.49 - 1.10) 
Interaction of 3 and librarian role 1.24 (0.94-1.63) 1.14 (0.77 - 1.71) 
Interaction of 4 and librarian role 1.27 (0.92-1.75) 1.71 (1.07 - 2.73) 
Interaction of 5 and librarian role 0.62 (0.47-0.82) 0.63 (0.42 - 0.94) 
Likelihood ratio test 385.5* 174.2* 
N observations 4264 1938 
N people 151 51 
R2 0.173 0.172 
AIC 2598 1197 

* The likelihood ratio tests were all highly statistically significant with p ≤ 2 e-16; Statistically significant results are 
in bold; AIC = Akaike information criterion; R2 = R-Squared 

Tables 2.3.2-6a and 2.3.2-6b show a comparison of the performance across the models tested in the two 

datasets (any response and complete responders). In both datasets, the more complex models have better 

performance on all parameters than the simpler models. Although no model explains a large proportion of 

the variability in responses by question, it is clear that the measure attributes explain a significant amount 

of the odds that one measure is preferred over another. These results also suggest that the role of the 

respondent (librarian vs. systematic review methodologist or other roles) accounts for some of the 

variability not explained by the measure attributes alone, but, given the low R2 values, there are clearly 

other factors not accounted for in the models.  

Table 2.3.2-6a. Model performance in any response data (4264 total observations)  
Main effects model Final model with 

interactions 
Final model with role 

R2 0.151 0.158 0.173 
AIC 2631 2622 2598 
LR Test compared with intercept-
only model 

333.6 (p ≤ 2 e-16) 351.7 (p ≤ 2 e-16) 385.5 (p ≤ 2 e-16) 

LR Test compared with Main 
effects model 

-1310.5 -1301.9 (p ≤ 1.8 e-3) -1285.1 (p = 7.3 e-8) 

AIC = Akaike information criterion; R2 = R-Squared 
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Table 2.3.2-6b. Model performance in complete responders data (1938 total observations)  
Main effects 
model 

Final model with 
interactions 

Final model with role 

R2 0.137 0.144 0.172 
AIC 1938 1938 1197 
LR Test compared with intercept-
only model 

137.9 (p ≤ 2 e-16) 144.8 (p ≤ 2 e-16) 174.2 (p ≤ 2 e-16) 

LR Test compared with Main 
effects model 

-602.71 -599.24 (p = 0.1386) -584.57 (p=3.54 e-5) 

AIC = Akaike information criterion; R2 = R-Squared 

Based on the regression coefficients of the final model with interactions in the any response dataset, we 

calculated the odds that each set of metrics would be chosen by a participant. Table 2.3.2-7 shows the 

results of that analysis, ranked from the most to least likely to be chosen by anyone. These odds ratios are 

compared with the odds of choosing sensitivity/specificity, as this is a common measure that is well 

known to everyone.  

This analysis indicates that sensitivity and number needed to read (NNR) are the most meaningful 

measures. There is also a strong preference for sensitivity/recall and number of irrelevant records found, 

as well as sensitivity and precision/positive predictive value (which is the inverse of NNR). There seems 

to be a general dislike of the F-score measures and true positives.  

It is clear that the preference for sensitivity drove much of respondent’s choices. Within sensitivity, the 

top burden measures were NNR, FP, precision, and accuracy. Within true positives, they were FP, 

accuracy, NNR, and precision. 

Table 2.3.2-7. Predicted likelihood of selection for each measure set as compared with 
sensitivity/specificity  

Predicted odds of being chosen, OR (95% CI) 
Measure set Overall Librarians Systematic Review 

Methodologists 
Sensitivity/recall,  
Number Needed to Read (NNR),  
N total records 

2.23 (1.64-3.02) 3.20 (2.14-4.77) 1.82 (1.17-2.84) 

Sensitivity/recall,  
N irrelevant records found (FP),  
N total records 

2.08 (1.13-3.84) 3.23 (1.41-7.36) 1.80 (0.77-4.22) 

Sensitivity/recall,  
precision/positive predictive value (PPV),  
N total records 

1.80 (0.84-3.87) 3.05 (1.10-8.43) 1.76 (0.60-5.15) 

Sensitivity/recall,  
Accuracy/Error,  
N total records 

1.43 (0.70-2.90) 1.92 (0.75-4.93) 1.40 (0.52-3.77) 

N relevant records found (TP),  
N irrelevant records found (FP),  
N total records 

1.16 (0.60-2.23) 2.19 (0.91-5.27) 0.72 (0.29-1.80) 
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Predicted odds of being chosen, OR (95% CI) 

Measure set Overall Librarians Systematic Review 
Methodologists 

Sensitivity/recall,  
Negative Predictive Value (NPV),  
N total records 

1.06 (0.58-1.04) 1.26 (0.56-2.80) 1.04 (0.45-2.39) 

Sensitivity/recall,  
Correlation coefficient,  
N total records 

1.06 (0.58-1.04) 1.26 (0.56-2.80) 1.04 (0.45-2.39) 

Sensitivity/recall,  
specificity,  
N total records 

1.00 (ref) 1.00 (ref) 1.00 (ref) 

Sensitivity/recall,  
Positive likelihood ratio,  
N total records 

1.00 (ref) 1.00 (ref) 1.00 (ref) 

N relevant records found (TP),  
Accuracy/Error,  
N total records 

0.94 (0.48-1.85) 1.26 (0.51-3.12) 0.96 (0.37-2.48) 

N relevant records found (TP),  
Number Needed to Read (NNR),  
N total records 

0.79 (0.63-0.99) 0.92 (0.69-1.23) 0.58 (0.42-0.81) 

N relevant records found (TP),  
precision/positive predictive value (PPV),  
N total records 

0.64 (0.34-1.20) 0.88 (0.37-2.06) 0.56 (0.23-1.37) 

N relevant records found (TP),  
specificity,  
N total records 

0.56 (0.40-0.76) 0.68 (0.45-1.03) 0.40 (0.25-0.63) 

N relevant records found (TP),  
Positive likelihood ratio,  
N total records 

0.56 (0.40-0.76) 0.68 (0.45-1.03) 0.40 (0.25-0.63) 

Sensitivity/recall,  
F1 score (sensitivity and precision are 
equally important),  
N total records 

0.55 (0.38-0.81) 0.70 (0.43-1.15) 0.44 (0.26-0.77) 

Sensitivity/recall,  
F20 score (sensitivity is 20 times as 
important than precision),  
N total records 

0.55 (0.38-0.81) 0.70 (0.43-1.15) 0.44 (0.26-0.77) 

N relevant records found (TP),  
Negative Predictive Value (NPV),  
N total records 

0.37 (0.21-0.66) 0.36 (0.17-0.77) 0.33 (0.15-0.72) 

N relevant records found (TP),  
Correlation coefficient,  
N total records 

0.37 (0.21-0.66) 0.36 (0.17-0.77) 0.33 (0.15-0.72) 

N relevant records found (TP),  
F1 score (sensitivity and precision are 
equally important),  
N total records 

0.36 (0.28-0.47) 0.46 (0.33-0.64) 0.30 (0.21-0.44) 

N relevant records found (TP),  
F20 score (sensitivity is 20 times as 
important than precision),  
N total records 

0.36 (0.28-0.47) 0.46 (0.33-0.64) 0.30 (0.21-0.44) 
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Within the combinations (attributes that included two measure options), specificity was preferred to 

positive likelihood ratio (88% to 12%), negative predictive value was preferred to correlation coefficient 

(81% to 19%), and the F20 score (sensitivity is 20 times as important as precision) was preferred to the 

F1 score (sensitivity and precision are equally weighted) (66% to 34%).  

2.3.3 Scenario 2. Comparison of computer-aided screening processes (machine-learning 
models) that have been trained in different ways, only some records manually screened 
Scenario 2 includes six sets of measures (five measure combinations), representing four attribute profiles. 

Table 2.3.3-1 shows the number of times a measure with each attribute was chosen across all six 

questions, overall and by role. The librarians and systematic review methodologists had similar 

preferences as shown in Scenario 1. The numbers for the computer scientists/software engineers and 

statisticians are much smaller, so it is difficult to draw conclusions, but they appear to prefer the same 

metrics as those in the other roles. 

Table 2.3.3-1. Rates of choice for each attribute across all six questions 
Attribute Overall,  

n/N (%) 
Librarians,  
n/N (%) 

Systematic review 
methodologists,  
n/N (%) 

Computer scientists/ 
software engineers,  
n/N (%) 

Statisticians,  
n/N (%) 

1 (number vs. 
ratio of relevant 
records 
correctly 
identified) 

220/288 (76%) 128/166 (77%) 116/152 (76%) 9/11 (82%) 8/9 (89%) 

2 (dependent on 
prevalence) 

108/278 (39%) 57/157 (36%) 67/155 (43%) 3/10 (30%) 2/7 (29%) 

3 (explicitly 
weights 
sensitivity and 
workload) 

198/551 (36%) 107/313 (34%) 115/302 (38%) 9/20 (45%) 7/14 (50%) 

4 (increases 
linearly with 
workload) 

361/567 (64%) 212/325 (65%) 187/302 (62%) 12/22 (55%) 8/16 (50%) 

n = number of times the attribute was selected, N the total number of times the attribute was assessed 

The results of a main effects conditional logistic regression model with no interaction terms are in Table 

2.3.3-2. We could only include three attributes in this model because all measure scenarios include TNs in 

their calculations (attribute 5), and attributes 3 and 4 included non-overlapping sets, which lead to 

collinearity. Thus, the odds ratio for attributes 4 would be the inverse of that for attributes 3.  

Table 2.3.3-2. Results the conditional logistic regression model with no interactions 
 Predicted odds of being chosen, OR (95% CI) 
Attribute Overall Librarians Systematic review 

methodologists 
1 (number vs. ratio of relevant 
records correctly identified) 

2.40 (1.75-3.30) 2.29 (1.50-3.49) 2.68 (1.73-4.15) 
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 Predicted odds of being chosen, OR (95% CI) 
Attribute Overall Librarians Systematic review 

methodologists 
2 (dependent on prevalence) 1.24 (0.91-1.68) 1.17 (0.77-1.76) 1.45 (0.96-2.19) 
3 (explicitly weights sensitivity and 
workload) 

0.56 (0.41-0.76) 0.50 (0.33-0.75) 0.61 (0.40-0.93) 

Likelihood ratio test 98.84* 64.13† 50.1‡ 
N observations 1118 638 604 
N people 102 58 55 
R2 0.169 0.191 0.159 
AIC 682.0944 384.1001 374.5588 

The likelihood ratio tests were all highly statistically significant with *p ≤ 2 e-16; †p ≤ 7.7 e-14; ‡ p ≤ 7.6 e-12  

The main effects conditional logistic regression model indicates that respondents value sensitivity over 

true positives, they do not much care if the measure is affected by prevalence, and they do not like 

combined measures, but they do like models to increase linearly with workload. Exploratory interaction 

analyses indicated that there are no interactions among attributes.  

Table 2.3.3-3 shows the predicted likelihood of each measure being selected based on the conditional 

logistic regression results. The comparison for all measures is true positives and absolute screening 

reduction, which has an odds ratio of 1. As in scenario 1, the preferred measures separate sensitivity from 

workload and present workload in a way that increases linearly. From this analysis, it seems that they 

want to know how many of the relevant records are found, ideally as a ratio (sensitivity) and how many 

abstracts do not have to be screened, either as a ratio (gain) or as a whole number (absolute screening 

reduction). This pattern holds for librarians and systematic review methodologists, with the exception that 

systematic review methodologists are more neutral about work saved over sampling. Respondents seemed 

to slightly prefer absolute screening reduction (N measures = 127, 58%) to burden/gain (93, 42%). 

Combined measures are considered less useful.  

Table 2.3.3-3. Predicted likelihood of selection for each measure set as compared with 
true positives/absolute screening reduction  

Predicted odds of being chosen, OR (95% CI) 
Measure set Overall Librarians Systematic 

Review 
Methodologists 

Sensitivity of the screening process, 
Burden/Gain 2.40 (1.75-3.30) 2.29 (1.50-3.49) 2.68 (1.73-4.15) 

Sensitivity of the screening process,  
Absolute screening reduction 2.40 (1.75-3.30) 2.29 (1.50-3.49) 2.68 (1.73-4.15) 

True positives,  
Absolute screening reduction 1.00 (ref) 1.00 (ref) 1.00 (ref) 

WSS at 95% sensitivity 0.69 (0.51-0.94) 0.58 (0.39-0.87) 0.89 (0.59-1.33) 

Combined Yield and Burden (at 0.95 yield)  0.56 (0.41-0.76) 0.50 (0.33-0.75) 0.61 (0.40-0.93) 
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2.4 Discussion 
This is the first study we know of that uses decision science methods to systematically establish which 

measures for literature identification tools or methods are most meaningful to stakeholders, including 

medical librarians, systematic review methodologists, tool developers, and statisticians. The goal of this 

analysis was to not only quantify existing measures, and which should be preferred, but also to establish 

which attributes of these measures make them preferred or not. Based on this analysis, it appears that 

systematic review methodologists and librarians would like to see studies report the measures used to 

establish whether the tool identifies all relevant records as a ratio, and they like measures that clearly 

indicate how much work is being saved. For example, precision/positive predictive value is a commonly 

reported measure, but it tends to be so small that it can be difficult to interpret; it is easier to conceptualize 

having to read 30 versus 60 records to find one that is relevant, than to interpret a difference in precision 

of 0.033 compared with 0.016.  

This project has several limitations. First, the response from computer scientists and software engineers, 

who are often the developers of the tools and the ones reporting their performance, was disappointing, 

with only eight respondents total. Thus, this analysis is heavily defined by tool users. The fact that the 

results did not differ greatly based on all respondent or user subgroup suggests that at least for the few 

who responded, their preferences are similar to those of the users. Second, the attributes were determined 

by two of us and evaluated in discussions with three other experienced systematic review methodologists 

and librarians, but they were not formally elicited or tested on a larger group. Thus, it is possible that one 

or more of the attributes is mis-specified, that they are not sufficiently independent of each other, and that 

they do not sufficiently cover the decision-making space. Third, for scenario 1, we used a D-optimal 

design to reduce the number of comparisons for evaluation from 91 to 20. There is a risk that in doing so 

that we may miss important interactions among multiple attributes. Finally, we did not do an imputation 

analysis, nor did we analyze which respondents did not choose a metric for a given question. However, 

the results were similar for those who answered all questions and those who answered any questions, 

suggesting that this may not have had a major impact on findings. 

2.5 Conclusions 
The findings of this study suggest that, at a minimum, those evaluating methods or tools for literature 

identification in systematic reviews should report sensitivity as a percentage of reference standard records 

and separately a measure of workload that can be easily interpreted (such as number needed to read, 

absolute screening reduction, or gain). Given the preference for sensitivity as a percentage, it is likely that 

there would be a similar preference for absolute screening reduction as a percent of the entire corpus.  
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In the next chapter, we use these measures (sensitivity and number needed to read) to evaluate a novel 

tool that leverages language models to generate search queries from review titles and questions. 
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CHAPTER 3: LITERATURE SEARCH SANDBOX: A LANGUAGE MODEL 
THAT GENERATES SEARCH QUERIES  

3.1 Introduction 
Medical librarians serve an important role in developing unbiased, comprehensive search queries that 

appropriately balance the requirement to identify all relevant studies with time, resource, and budget 

constraints.14 However, not every review team has access to an experienced librarian. And even for 

trained librarians, manual development of search queries is time-consuming.15 Therefore, there is a need 

for tools that assist in the design and development of high-quality search queries. Training and evaluating 

models capable of powering such tools requires examples of natural language inputs (e.g., titles of 

systematic reviews) and structured search queries (e.g., Boolean queries one might issue to PubMed). We 

hypothesize that a model fine-tuned on actual search queries will perform better than proprietary large 

language models (LLMs) like ChatGPT used in zero-shot application (i.e., prompted, but not fine-tuned).  

To train tools to generate systematic review search queries, we need data that incorporates textual 

information about the review, such as the title and questions it aims to answer, as well as real search 

queries. The existing evaluation collections that we know of are small, including only 25 to 94 reviews, 

and were not deemed usable for training a language model to generate queries. Specifically, the existing 

collections that we know of include the CLEF Technology Assisted Review collection,43 44 two collections 

from Scells et al.,45 46 and a collection of systematic review updates.47 All but one of these datasets46 

comprise searches in Ovid format only, which limits their utility for this project. Ovid is a proprietary 

interface and little research is done directly through it.48 Additionally, Ovid queries are composed of a 

series of numbered lines that are combined using Boolean operators, making them difficult for humans to 

read. Finally, Ovid-style queries cannot be used through the open-access (and widely used) PubMed 

interface (or in other databases) without extensive manual modification, and there is no standardized 

approach to manually modify an Ovid query into a PubMed query. The dataset we describe in this 

manuscript is considerably larger than existing datasets—comprising over 10,000 reviews—and it 

includes search strings that we manually translated into PubMed format.  

Existing tools to assist in the identification of literature for systematic reviews either require a large 

amount of human input (for example, tools that use a set of previously identified studies to suggest terms 
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that must then be incorporated into the search query by the search designer)36 49 or are complementary 

only to human search query generation (they suggest potentially relevant citations based on an 

unstructured query and/or a “labeled” set of identified studies). We were therefore concerned that the 

existing tools would not generate reproducible methods, and that it would be difficult to identify the 

source of performance issues.32 In this work, we capitalize on recent advances in Natural Language 

Processing (NLP) by fine-tuning a Language Model (LM) to create systematic review search queries that 

are formatted like the search queries reviewers are accustomed to working with. These output queries can 

be easily evaluated and edited, and can be reported using a standard reporting format, allowing for peer 

review and improving reproducibility.50 51  

3.2 Methods 
We first assembled two datasets of systematic review topics and search queries: one for training, 

representing 10,346 reviews, and one for evaluation, representing 57 reviews. From the training set, we 

separated out 99 reviews to use as a validation dataset, with which to choose the best model parameters. 

We then trained models on the (reduced) training dataset and, after settling on all hyperparameter settings 

using the validation dataset, evaluated them using the evaluation dataset. 

3.2.1 Source and curation of the training dataset 
PROSPERO is an international prospective register of systematic review protocols maintained by the 

Centre for Reviews and Dissemination at the University of York and funded by the UK National Institute 

for Health Research.52 53 Full registration in PROSPERO requires the review team to fill out a minimum 

of 22 fields, including the review title, the review question(s), and the text of (or a link to) the review 

search query or queries. PROSPERO registration is highly encouraged by numerous, and required by 

some, journals that publish systematic reviews, therefore the registry has become both large and 

representative of published systematic reviews.  

The PROSPERO team shared the data for 139,450 records, from inception (February 2011) to December 

24, 2021. The fields shared were: RecordID, CRDAccessionNumber, RecordType (animal or clinical), 

Review title, Review question, Searches, Query, Condition, Participants, Intervention, and Keywords. 

These constitute a subset of the minimum required fields for registration. The flow of the cleaning process 

to date is shown in Figure 3.2.1. Data cleaning will continue for the foreseeable future and the dataset will 

be updated as more records are cleaned. 
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Figure 3.2.1. Flow diagram for PROSPERO queries to date 

 
Much of the compilation and annotation of this dataset was done manually. Initially, we stripped the 

export of all HTML formatting, but otherwise made no changes to any fields other than the query. In the 

query field, we made the following changes: 

First, we removed all methodological filters. This included study-type filters, date limits, and so on. This 

was done because methodological filters appear often, are easy to reproduce, and, because they are so 

common, might distract the LM from the more critical subject-specific terms.  

Second, we subdivided the records into (a) those with links in the “Query” column to queries in PDF 

format, and (b) those without. For those with PDF links, all search cleaning was done manually by 

accessing the PDF, copying the query, translating it to PubMed syntax if necessary, fixing any obvious 

errors, and pasting the cleaned strategy into a new field entitled “pubmed”. Translating the syntax 

included such tasks as adding PubMed field tags instead of the Ovid backslash and “exp” (explode), 

replacing proximity operators with “AND”, and converting it from a numbered structure into a single 

search string that can be pasted into the PubMed search box. For records with data entered directly in the 

“Searches” field, we wrote an R54 script to capture the search strategies nested within larger chunks of 

text, based on patterns of characters, such as opening and closing parentheses, and the words "AND", 

"OR", and "NOT" in proximity to parentheses. We then manually evaluated the output and fixed any 

remaining syntax. The cleaned strategies were pasted into the “pubmed” field.  

PROSPERO 
n=139,450 

Usable search not reported 
n=94,461

Text queries in search field 
n=35,891

Queries in PDF format 
n=9098

Cleaned PDF queries
n=564

Final cleaned dataset (to date)
n=10,346 

Cleaned text queries
n=9782
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Third, we saved two separate versions of the dataset: in one, the field tags were standardized (e.g., 

[Mesh], [Mesh terms], and [mh] were standardized to [Mesh]; [tiab] and [title/abstract] were standardized 

to [tiab]). In the second version, we stripped all field tags, quotation marks, backslashes, and commas, 

because these tags could be misapplied by the model, leading to faulty syntax and poor query 

performance. PubMed’s interface automatically matches untagged words to their phrase index and to 

MeSH terms; thus, it is unlikely that this change would reduce the sensitivity of model-generated queries. 

However, it does have an impact on precision, increasing the number of records that need to be read 

(NNR) to find one relevant record. 

Finally, we created a subset of 99 records to use as a validation set for model development and 

hyperparameter experiments. For this subset, we needed a reasonable number of relatively high-quality 

queries. Thus, we included a random selection of 10 queries from PDFs (which tended to be high-quality 

queries) and 89 of the best queries from those entered directly in the text field. 

The current versions of the final datasets are in https://github.com/jayded/pubmed-query-generation 

3.2.2. Analysis of the training dataset  
The dataset currently includes 10,346 cleaned records with the following columns: RecordID, 

CRDRecordNumber, Review title, Review question, pubmed, Condition, Participants, Intervention, and 

Keywords. The following description pertains to the dataset stripped of tags; however, the patterns are 

similar for the dataset with tags. 

Queries are highly skewed with respect to the number of words they contain (Figure 3.2.2-1). Most 

searches include few terms, indicating that the training data is comprised primarily of broad searches. 

Search queries with few, generic terms will retrieve more irrelevant citations than longer queries with 

specific terms and more concepts connected with AND or NOT operators. The median number of terms is 

49 (IQR 30-86; range 1-2,755). Almost all (95%) have fewer than 200 terms, and fewer than 1% have 

more than 400 terms.  
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Figure 3.2.2-1. Number of words per query 

 
The total number of records identified by each query ranges from 0 to 23,180,504 (Figure 3.2.2-2); 597 

queries return no records, which suggests they contain a fatal error; almost 200 queries return fewer than 

100 records, indicating that they are unlikely to be adequate for a systematic review. Conversely, 653 

queries return more than 100,000 records, also indicating that they are unlikely to be practically usable for 

a systematic review. These data are also highly skewed: 75% of searches return fewer than 7,000 

citations. The median is 1,237 (IQR 208-86,682). To get a better sense of how much the removal of filters 

is increasing the size of the returned citation set, we crossed all searches with the PubMed randomized 

controlled trials filter. Many systematic reviews are limited to RCTs, so we thought this would be a good 

proxy for more realistic screening burden. The median number of RCTs retrieved is 57 (IQR 7 to 368, 

range 0 to 609,069), or about 5% of the median total number of records retrieved. 
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Figure 3.2.2-2. Number of hits per query 

 
RCTs = randomized controlled trials 

3.2.3 Source and curation of the evaluation dataset 
The evaluation dataset comprised two separate subsets: the first contained 38 of the 40 citations in Wang’s 

seed citation dataset46 (which we will refer to as the “Wang dataset”). We removed two records from this 

set that retrieved either only one or no PubMed identifiers (PMID). To this, we added a second set of 19 

reviews known to us (the “Adam dataset”), 18 of which were designed for systematic reviews conducted 

in the Agency for Healthcare Research and Quality’s (AHRQ) Evidence-based Practice Center (EPC) 

program55-71 or for the Department of Veterans Affairs (VA).72 These searches were all peer reviewed by 

another systematic review librarian using the Peer Review Electronic Search Strategies (PRESS) 

checklist.73 The final record in this set was for a Cochrane review that we were aware of; it is unclear 

whether this was peer reviewed.74 We did not systematically search for additional reviews. 

The fields include the review title and either the key questions for the EPC, VA, or Cochrane searches (in 

the Adam dataset) or the search description (in the Wang dataset), the reported PubMed search query for 

each review as developed by the review team (which we will refer to as the “human-generated query”), 

and the PMIDs of the final citations included in the review. For comparison with model-generated 

queries, we removed the tags, quotes, and commas from the data. While this means that the tool does not 

take over the entire task, it allows the tool to more effectively do the more challenging aspect of search 

query development (i.e., identify search terms and combine them correctly using Boolean operators), 
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leaving the matching of terms to database specific headings and attaching pretested filters (such as the 

Cochrane RCT filter) to manual post-processing (which could also be automated).  

Very rarely would a query include only key words with no limitations by field, quotation marks, and 

filters, as our cleaned datasets have, so these numbers do not accurately represent real queries. In addition, 

we found that the sensitivity of the reported PubMed search queries (in the datasets) are not 100% for all 

searches. A study by Bramer et al. of 58 systematic reviews estimated that less than a quarter of the 

Medline queries (23%) identify all relevant citations, and only 40% identify 95% of the relevant 

citations.75 Other relevant citations (even those with PMIDs) are often identified through queries of other 

databases (such as Embase and the Cochrane Register of Clinical Trials), by scanning the citation lists of 

other relevant systematic reviews, and by asking domain experts and peer reviewers. Thus, PubMed 

queries and searches are not expected to find all included studies.  

3.2.4 Analysis of the evaluation dataset 
The 57 reviews in the evaluation set (38 in the Wang dataset, 19 in the Adam dataset) include a wide 

variety of topics and range considerably in terms of the underlying review complexity. As shown in Table 

3.2.4, the number of studies that were included in the systematic reviews ranges from 4 to 612, with a 

median of 30. The median sensitivity and precision of the human-generated evaluation search queries is 

100%, with a median NNR of 580. The total number of hits and NNR are higher than they were before we 

stripped the data. The median NNR with field tags and punctuation in the original data was 125 (IQR 57-

456) compared with 580 (IQR 161-,466) in the stripped data; and the median number of hits in the 

original data was 4,058 (IQR 811-21,416) compared with 22,812 (IQR 1,999-76,642) in the stripped data. 

The searches in the Adam dataset are more sensitive (median sensitivity 100%) than those in the Wang 

dataset (median sensitivity 91%). However, they are also less precise (median NNR 590 versus 526).  

Table 3.2.4. Performance of search queries in the evaluation dataset (stripped of tags)  
Overall, median (IQR) 

[range] 
Wang, median (IQR) 

[range] 
Adam, median (IQR) 

[range] 
Included studies, N 30 (11-74)  

[4-612] 
12 (8-34)  
[4-137] 

75 (56-93)  
[17-612] 

PubMed hits, N 22,812 (1,999-76,642)  
[180-1,084,387] 

12,078 (1,229-60,436)  
[180-271,423] 

45,242 (21,799-78,759)  
[3,362 -1,084,387] 

Sensitivity, % 100 (88-100)  
[34.2-100] 

91 (84-100)  
[34.2-100] 

100 (100-100)  
[85.2-100] 

NNR 580 (161-3,466)  
[13-30,439] 

526 (136-3,553)  
[13-30,439] 

590 (282-836)  
[63-15,491] 

SD = standard deviation, IQR = interquartile range, N = number, NNR = number needed to read 
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3.2.5 Details of model training 
We initially trained models on both the tagged and stripped datasets, but the dataset stripped of tags 

performed significantly better in preliminary experiments based on manual evaluation of a subset of the 

produced strategies in comparison with the reference strategies, so we proceeded using only this version 

of the training data. We explored fine-tuning multiple models, including variants of Flan T576 and 

BioBART,77 before settling on a Mistral-Instruct 7 billion parameter chat/instruct LM.78 All fine-tuning 

experiments were conducted using the Huggingface library (v4.37.1),20 an open-source library that 

provides a vast array of pre-trained models primarily focused on natural language processing. Instruction-

tuned LMs have been trained to follow natural language instructions or templates.  

We used the following instruction to the LM, which we added to all training samples (i.e., each review): 

"Translate the following into a Boolean search query to find relevant studies in PubMed. Do not add any 

explanation. Do not repeat terms. Prefer shorter queries." This instruction was followed by either the 

review’s title or its title and objectives/key questions. We did not systematically evaluate whether 

different instruction prompts would have affected the output. Because we were fine-tuning the model, it is 

unlikely that the particular instruction used affected performance much; however, confirming this would 

have been computationally expensive.  

Due to model size and resource limitations, we fine-tuned this model using Parameter Efficient Fine-

Tuning,79 specifically with Low Rank Adaptation (LoRA) methods.80 Low Rank Adaptation inserts a 

small pair of matrices A and B, sized r by k (input dimensionality) and d by r (output dimensionality) and 

adds BAx to each linear layer output (where x is the k-dimensional input to the linear layer). Rather than 

updating all parameters in a model, LoRA trains only these smaller matrices, allowing for faster fine-

tuning than updating all model parameters (potentially at some performance cost). 

During fine-tuning, we used the adafactor optimizer81 and ran and evaluated a grid search across learning 

rates (1e-4, 1e-5, 1e-6), and LoRA parameters (rank factor r: 16, 32, 64, 128, 256; scaling factor alpha: 

16, r). For each hyperparameter combination we trained for 10 epochs with a batch size of 1 (owing to 

computational constraints), using floating point 16 precision. Although we monitored the training and 

validation losses, we used PubMed query results from the validation set to select the best model (for 

Review Titles); we chose the model with the highest recall between the validation set reference query and 

the model-generated query (0.54). For the title and key questions model, we used the same 

hyperparameters as the best title model.  
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When generating queries (i.e., for “decoding”), we used the following hyperparameters (passed to the 

Huggingface generate method20): maximum new tokens 2,048, minimum generation length 5, and no 

repeat ngram size 5 (banning repeats of the exact 5 tokens; this parameter was not ablated). Details of the 

parameters chosen are listed in Table 3.2.5. 

Initial attempts to fine-tune Mistral-Instruct-7b tended to yield repetition in outputs. Prior to launching a 

grid search over hyperparameters, we performed an analysis on the training data for review title length 

and target query (stripped) lengths. Hypothesizing that the variation in inputs and outputs expected from 

the model would provide mixed signals for learning, we analyzed input and output lengths. We marked 

each piece of the training data as belonging to the middle 50% (the middle quartiles) and retained only 

data in both middle quartiles, leaving 4,324 instances for training. The code for the models is in 

https://github.com/jayded/pubmed-query-generation. 

Table 3.2.5. Parameters used in fine-tuning the models 
Parameter Definition Model specifications 
Base model Pretrained models build in “world 

knowledge,” putting in weights for tokens 
Mistral 
• 7 billion parameters 
• 32 layers 

Number of 
trainable 
parameters 

Number of variables or weights that the 
model adjusts during the learning process 

63,488 = LoRA rank * model embedding 
size (size of a single LoRA matrix = 496) * 2 
(one projects down, and one projects back 
up) 

Optimizer  Uses the history to adjust the model’s 
momentum and direction 

Adafactor 

Regularizer Adds noise to labels to avoid overfitting 
the model 

none 

Learning rate Determines speed of momentum in 
optimizer 

0.00001 

Decay Measure of how the model performance 
declines when presented with unseen data 

default 

Batch size  Defines the number of random samples 
used for training 

1 

N epochs How many times the training dataset is run 
through the model during training 

6 (the 6th epoch, from 0-9, was the "best" by 
the NCBI recall measure) 

LoRA alpha Scaling factor for the weights in the LoRA 
matrices 

16 

LoRA rank Determines the size of the LoRA matrices 64 
LoRA dropout Reduces the risk of overfitting  0.1 
Decoding  Greedy = choose the most likely token at 

each prediction step 
Maximum new 
tokens 

Will make the model stop at this point, 
whether query is finished or not 

2048 tokens 

Minimum 
generation length 

Every query has to have a minimum 
number of tokens 

5 tokens 

No repeat ngram 
size 

Number of exact tokens that cannot be 
repeated 

5  
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Val loss Penalty for bad predictions in the 
validation data 

1.21 

LoRA = Low-rank adaptation; token = word part 

3.2.6 Evaluation of the models 
The final models were tested on the evaluation data described in section 3.2.3.We used the title and key 

questions or description for each review in the evaluation data to generate a query using each model 

described in section 3.2.5 (one trained only on the title, the second on the title plus the key questions). 

The resulting queries were run in PubMed and compared with the reference PMIDs (those included in the 

corresponding systematic review’s final report) to calculate sensitivity (or recall; the number of included 

citations correctly identified) and NNR (the number of citations that must be read to identify one relevant 

citation).  

Further analyses explored whether model performance differed by evaluation review source (Wang or 

Adam). The search description in the Wang dataset comprises only a few words, while the key questions 

in the Adam dataset comprise a full description of the questions the review seeks to answer. We also 

evaluated whether any queries “failed”, defined as retrieving none of the review's final included PMIDs. 

Exceedingly high retrieval could also be considered failing. However, in this case, the fact that we 

removed all methodological filters, field tags, and quotes for all queries led to artificially high NNR, so 

that was not considered as a failure of the query.  

A secondary analysis looked at the percentage of the relevant citations identified in the first 500 records 

based on PubMed’s Best Match algorithm82 for the reviews that had perfect sensitivity for all queries. 

This choice was made for ease of analysis, as queries with perfect sensitivity across all queries would, by 

definition, retrieve the same citations. PubMed’s Best Match algorithm uses the term weighting function 

BM25 to initially weight records based on the terms in the user query, then re-ranks the top ranked 

citations using LambdaMART. These results were compared with the NNR to see if perhaps the low 

precision searches could be salvaged (i.e., whether the high sensitivity came from simply casting a very 

large net, or if, preferably, the search had relevant terms that would allow PubMed’s algorithms to identify 

the most likely to be relevant studies accurately and rank them higher). 

Finally, the MeSH terms, publication types, and years of publication of the citations missed by each 

strategy were retrieved and compared with those of the citations found to see if there were any patterns in 

the subjects, publication types, or years in the records missed by the search as compared with those 

correctly identified. 
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3.3 Results 
3.3.1 Performance of the two trained models 
The performance of the queries generated by the two models (trained on the title only and trained on title 

plus key questions) was similar. The title only median sensitivity was 85% (IQR 40% to 100%); title plus 

key question median sensitivity 86% (IQR 51% to 100%). The title only median NNR was 1,206 (IQR 

205 to 5,810). The title plus key question median NNR was 908 (IQR 171 to 3,906). Table 3.3.1 shows 

the summarized results for each model on the evaluation set, both in total and for each of the two 

evaluation datasets.  

Table 3.3.1. Summarized results for each model on the evaluation set, Median (IQR) 
Dataset Human query* Mistral-Instruct 7b trained on 

title and key questions query 
Mistral-Instruct 7b 
trained on title only query 

Overall 
   

Sensitivity, % 100 (88-100) 86 (51-100) 85 (40-100) 
NNR, N 580 (161-3,466) 908 (171-3906) 1206 (205-5810) 
Word count, N 144 (96-240) 66 (49-83) 71 (55-83) 
Failed queries, N (%) 0 (0%) 2 (3%) 1 (2%) 

Wang data 
   

Sensitivity, % 91.29 (84.29-100) 69.23 (40.94-99.74) 58.33 (38.34-100) 
NNR, N 526 (135-3553) 1477 (155-4689) 1653 (115-7031) 
Word count, N 120 (84-208) 65 (44-74) 67 (52-76) 
Failed queries, N (%) 0 (0%) 2 (3%) 1 (2%) 

Adam data 
   

Sensitivity, % 100 (100-100) 91.83 (68.09-100) 88.16 (69.93-99.75) 
NNR, N 590 (282-836) 661 (188-3226) 331 (227-4588) 
Word count, N 230 (116-304) 70 (57-84) 70 (56-90) 
Failed queries, N (%) 0 (0%) 0 (0%) 0 (0%) 

All measures median (Interquartile Range), except where explicitly noted; NNR = number needed to read, N = 
number or count 
Failed queries = retrieved none of the review's included PubMed identifiers (PMIDs), Word count = number of 
words in the search queries. 
* Human queries were the PubMed queries reported in the evaluation dataset that had been developed by the 
original review team. Note these numbers are the same as the overall numbers in Table 1. 

Performance varied widely across the evaluation set reviews. For three reviews, at least one model 

identified none of the relevant citations; while for 20 reviews at least one model identified all of the 

relevant citations. Figure 3.3.1 shows the sensitivity, NNR, and word count for the queries generated by 

each model and the human query for each review. 
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Figure 3.3.1. Performance of models on each review 

 
KQ = key question 

No query failed to run in PubMed or retrieved no records, indicating that none had a fatal error. A few 

from each group retrieved excessively large numbers of records; even the gold standard queries had some 

with an extremely high NNR. This is likely because the queries were stripped of characters that would 

reduce the number of records retrieved, such as quotation marks and field tags. For two queries, the title 

and key question model query identified none of the PMIDs included in the systematic reviews (0% 

sensitivity), and the title only model query identified none of the included PMIDs for one topic.  

For reviews that had 100% sensitivity across all queries (N=10), we assessed whether there was an 

association between the NNR and the percent of the total relevant citations in the first 500 records based 

on PubMed’s Best Match algorithm. Across the 10 projects, the first 500 records included a median of 

27% of the relevant citations for human queries (IQR 7% to 77%), 18% of the relevant citations for the 

title and key question model-generated queries (IQR 7% to 34%), and 12% of the relevant citations for 

the title only model-generated queries (IQR 2% to 60%). In general, the smaller the NNR, the larger the 

number captured in the first 500, though in one case the first 500 contained all of the relevant citations for 

all three queries, despite a wide range of NNRs.  

3.3.2 Results of replication of Wang analysis 
Wang et al.33 investigated whether the large, general LLM ChatGPT-3 could be used to formulate Boolean 

search queries, tested against the CLEF TAR dataset and the same seed citation dataset used to evaluate 

the models in this paper. They found that this method had extremely poor sensitivity (between 4% and 



 

 47 

13%) but good NNR of between 10 and 53 (calculated from their reported precision). However, it is 

worth noting that they retained the methods filters, which may have harmed sensitivity and improved 

precision/NNR. Critically, they reported that performance was highly correlated with the types of 

information given in prompts, with prompts that integrated examples of correctly worded queries greatly 

improving performance.33 We re-ran the Wang analysis using GPT-4(-0314) to see if the performance had 

improved.  

We used four of Wang’s initial prompts: 

Prompt 1: “For a systematic review titled [review_title], can you generate a systematic review?”  

Prompt 2: “You are an information specialist who develops Boolean queries for systematic reviews. You 

have extensive experience developing highly effective queries for searching the medical literature. Your 

specialty is developing queries that retrieve as few irrelevant documents as possible and retrieve all 

relevant documents for your information need. Now you have your information need to conduct research 

on [review_title]. Please construct a highly effective systematic review Boolean query that can best serve 

your information need.” 

Prompt 3: “Imagine you are an expert systematic review information specialist; now you are given a 

systematic review research topic, with the topic title [review_title]. Your task is to generate a highly 

effective systematic review Boolean query to search on PubMed (refer to the professionally made ones); 

the query needs to be as inclusive as possible so that it can retrieve all the relevant studies that can be 

included in the research topic; on the other hand, the query needs to retrieve fewer irrelevant studies so 

that researchers can spend less time judging the retrieved documents.” 

Prompt 4: “You are an information specialist who develops Boolean queries for systematic reviews. You 

have extensive experience developing highly effective queries for searching the medical literature. Your 

specialty is developing queries that retrieve as few irrelevant documents as possible and retrieve all 

relevant documents for your information need. You are able to take an information need such as 

[example_review_title] and generate valid PubMed queries such as: [example_review_query]. Now you 

have your information need to conduct research on [review_title], please generate a highly effective 

systematic review Boolean query for the information need.” 

We also tested two new prompts to see if perhaps we could improve on their experience. 

New Prompt 1: “You are a helpful information specialist who develops Boolean queries for aiding 

systematic reviewers. These queries attempt to search PubMed to find all studies relevant to a systematic 
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review topic. Your queries are targeted at finding studies, not reviews. Please draft me a short and 

reasonably comprehensive query searching for studies related to my work [review_title]. 

New Prompt 2: “You are a helpful information specialist who drafts Boolean queries for systematic 

reviewers. These queries attempt to search PubMed to find all studies relevant to a systematic review 

topic (other reviews are not relevant). Please draft me a short and reasonably comprehensive query 

searching for studies related to my work [review_title]”. 

The results are presented in Table 3.3.2. Interestingly, the Wang’s prompts, when run in GPT4, had worse 

sensitivity than the GPT-3 results reported in the paper. Some prompt engineering produced prompts in 

GPT4 with similar sensitivity to those reported in the paper, but nothing close to sufficient for practical 

use. 

Table 3.3.2. Summarized results for each model on the evaluation set 
Dataset Sensitivity, % NNR, N 

Wang GPT-4 (recreated for this analysis) 
  

Prompt 1 0 (0-5.55) 62 (27-202) 
Prompt 2 0 (0-9.11) 26 (1-201) 
Prompt 3 0 (0-2.55) 21 (3-163) 
Prompt 4 0 (0-2.0) 87 (27-367.5) 

Updated work 
  

New prompt 1 GPT-4 12.5 (0-45.4) 62 (23-151) 
New prompt 2 GPT-4 5.9 (0-27.6) 29 (12-101) 
Mistral-Instruct-7b trained on title and key 
questions 

86 (51-100) 908 (171-3906) 

Mistral-Instruct-7b trained on title only 85 (40-100) 1206 (205-5810) 
Results are median (worst performance-best performance), NNR = number needed to read, N = number or count. 

All queries for the regenerated prompts and the new prompts are in https://github.com/jayded/pubmed-

query-generation 

3.4 Discussion 
The datasets we have compiled should be useful for exploring and testing automation methods for query 

generation, and perhaps other aspects of search design.  

The model-generated queries yielded moderate sensitivity, but at present fall below the sensitivities 

required for use in systematic review searching, where the goal is to include all relevant studies. One of 
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the librarians I interviewed for the qualitative evaluation described them as a “sandbox”, which seems 

appropriate. They are good enough to use in query development but not for stand-alone use. 

Interestingly, the model-generated queries performed better on the Adam dataset (which was largely 

derived from systematic reviews for the AHRQ EPC program) than on the Wang dataset (which was 

mostly based on Cochrane reviews). In general EPC topics tend to be more complex than those in 

Cochrane reviews. However, it may be that the Wang topics were more challenging, given that the 

sensitivity of the human generated queries for this dataset was also lower. The precision of the human 

generated queries was also worse for the Wang data, though the precision of the human generated queries 

in the Wang data was slightly better. 

The NNR data were less encouraging. The model-generated queries were simple in comparison with the 

human queries, including fewer terms and simple syntax (e.g., no nested Booleans; no “NOT” operators), 

and more complex queries are often more precise. However, machine learning has been shown to 

drastically reduce the number of abstracts that must be screened by humans. Abstract screening tools that 

iteratively rank records by their likelihood of relevance based on previously tagged human labels have 

been shown to reduce the screening workload by as much as 50% with minimal loss of relevant records.26 

Further research has shown the utility of training algorithms based on the 500 records considered most 

likely to be relevant by the PubMed algorithm.83 These methods could be combined with automatic query 

generation to reduce the impact of the higher numbers of records identified. 

3.4.1 Limitations 
The search strategies in this dataset are likely to be a good representation of final publishable search 

strategies. But they are imperfect, as they were often the initial search for the review published in the 

protocol, rather than the final peer-reviewed query. The model might have performed better had it been 

trained on final queries, which are likely to have been of better quality. In addition, they may not always 

perfectly represent the original query posted in PROSPERO, as many were manually or automatically 

altered in the cleaning process. These searches should not in any way be used to form conclusions about 

each systematic review’s query or its quality. Finally, we cleaned the queries with pasted search terms 

first, likely enriching the training dataset with shorter and more generic queries. 

Models trained on the Population and Intervention/Exposure fields might perform better. We chose to 

train and test the model on only the review titles field and the objectives or key questions field for two 

reasons. First, not everyone is able to break a topic or set of questions down into its component parts, and 

a model that can do this will help with this process. Second, and related, the more the model requires the 
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user to break down the topic and propose Population and Intervention/Exposure terms, the less it actually 

helps in the process. Additionally, there is room for improvement based on query complexity, and 

possibly by decomposing queries into simpler parts and then expanding them.  

We fine-tuned and evaluated only a single, representative open-source LM (Mistral-Instruct-7b). Our aim 

was to establish feasibility of generating search queries automatically via LMs, rather than to establish 

which particular LM performs “best” at this task. Larger models would likely yield better results, but we 

do not have the computational resources to fine-tune them at this time. Proprietary models, like ChatGPT, 

may also be used to aid search design, but these cannot be fine-tuned. Moreover, we are interested in 

designing and sharing usable, open-source LMs that can be used as search aids.   

3.4.2 Results in context of related research 
There is increasing interest in using machine learning and artificial intelligence to design or refine search 

queries. Several groups have experimented with using commercially available large language models, like 

ChatGPT and Claude.ai to write search queries, with little success. As shown in the results above, Wang 

et al. achieved only between 4% and 13% sensitivity over a series of prompts in GPT3, and when we re-

ran their prompts in GPT4, we achieved a median sensitivity of 0. Minor prompt engineering with GPT4 

got us to 6% to 13% sensitivity, but that is still much too low to be of any use in evidence synthesis. In a 

recent editorial, based on informal experimentation with GPT 3 and 4, Qureshi et al.84 noted that 

ChatGPT produced plausible-looking queries, but on close examination the generated queries contained 

fabricated MeSH terms, and overly limited the results with a very narrow publication-type filter. The 

query they tested retrieved no citations when run in PubMed. Similar issues have been described on social 

media and among librarian groups.84  

3.5 Conclusions 
We have developed a relatively large dataset of natural language descriptions of reviews and 

corresponding structured Boolean searches, which can be used to train and evaluate LMs that map the 

former onto the latter. We demonstrated that an open-source and modestly sized LM (Mistral-Instruct-7b) 

can perform this task reasonably well.  

Future research should focus on improving the dataset with more high-quality queries and assessing 

whether other fields, such as the population and intervention fields, would produce better performance. 

Nevertheless, it appears that pretraining a large language model on relevant strings improves its 

performance greatly over generic large language models. These models cannot replace careful and 

thoughtful query design, Nevertheless, they can be used to summarize a topic using Boolean logic, 
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providing suggestions for key words and the framework for the query. In conjunction with PubMed’s Best 

Match algorithm, they may also be a good starting place for searchers either scoping a topic or looking for 

a non-comprehensive list of articles.  

Toward this end, we integrated the Mistral models trained on the untagged data into an online application, 

using Anvil.85 I then asked several experienced librarians from the AHRQ EPC program, the Brown 

University Biomedical library, and a hospital to test the app and give me feedback on the results. This 

qualitative study is the subject of Specific Aim 3. 
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CHAPTER 4. “CALL IT A SANDBOX”: A QUALITATIVE EXPLORATION 
WITH PRACTICING MEDICAL LIBRARIANS REGARDING THE 

USEFULNESS OF A LANGUAGE MODEL THAT DESIGNS SEARCH 
QUERIES FOR SYSTEMATIC REVIEWS 

4.1 Introduction 
Systematic review searches must be thorough, objective, and reproducible.9 However, the number of 

journal articles and other reports of medical research (e.g., clinical trial records, conference abstracts, 

preprint articles) is increasing exponentially.86-88 In addition to being time-consuming and expensive, the 

current process may introduce a potentially significant bias; namely, that searches are artificially limited 

to return only the number of citations considered feasible for the team to screen. Medical librarians serve 

an important role in developing unbiased, comprehensive search queries that appropriately balance the 

requirement to identify all relevant studies within the constraints of the team's time and budget.14 

However, not every review team has access to an experienced librarian, and, even for trained librarians, 

the development of search queries is time-consuming.15 Thus, there is a need for tools that assist in the 

design and development of high-quality search queries. A recent review of the tools in The Systematic 

Reviews Toolbox,28 a searchable repository of tools that can be used during various stages of systematic 

review production, returned 102 tools related to the automation of searching, of which 21 were directly 

applicable to search query design.29  

Machine learning models—language models, in particular—may assist with the crafting of high-quality 

search queries for systematic reviews. Language models are defined as models, trained on large amounts 

of text to be able to predict which words generally follow specific sequences of other words. For specific 

aim 2, we fine-tuned two Mistral Instruct 7b  language models on more than 10,000 real systematic 

review search queries from the PROSPERO database, from which we had stripped field tags (e.g. 

[MeSH], [tiab]), quotation marks, and other punctuation.53 One model was fine-tuned with the title as 

input and the search query as output; the other was fine-tuned on the title and key questions as input and 

the search query as output. In a quantitative analysis, the models had a median sensitivity of 

approximately 85% and required that the team screen approximately 1,000 abstracts for every included 

citation. Full details of the dataset, model training processes, and the full quantitative analysis are in 

Chapter 3. 
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The uptake of automation in systematic review literature identification is low. According to O’Connor et 

al., there are two primary reasons for this.37 First, few tools find all relevant articles, though many may be 

good enough to be used as an adjunct to traditional methods. Second, existing tools are not easily 

integrated into current workflows.37 When developing a tool to semi-automate any aspect of literature 

identification, it is important to understand how it will be used. A group of systematic review librarians, 

including me, recently evaluated the usability of query-generation related tools in The Systematic 

Reviews Toolbox28 across the steps of search query generation. We found many tools that were helpful in 

generating search terms, matching keywords to subject terms (such as MeSH terms for MEDLINE or 

Emtree terms for Embase), or evaluating searches by graphically presenting the relationships among 

terms and concepts.29 For that evaluation, we created tables that summarized the usability of each tool 

based on objective and subjective criteria (usefulness, ease of use, time to learn, access, user support, and 

import/export options) to help searchers quickly identify and appraise the usability of existing tools. 

However, in the process of developing these tables, we found that, generally, existing tools do not work 

well for complex topics, often requiring that the user break the search down into its individual 

components before using the tool, and that no tool was able to assist users in creating or testing their 

search logic.29  

In developing a new tool for search query design, we believed that getting input from expert users, in this 

case medical librarians experienced in developing searches for systematic reviews, would inform 

implementation efforts, as well as future development. Thus, I conducted a series of semi-structured 

interviews with practicing medical librarians to assess how they would use the tool and how they would 

like to see it evolve. To see how librarians might implement the tool in their own workflows with searches 

they knew well, as well as to allow for in depth discussions, I chose to individually interview each 

librarian, rather than to convene a focus group or send a survey. 

4.2 Methods 
I used a qualitative design, involving virtual semi-structured interviews with medical librarians who tested 

a tool designed to generate search queries based on a review’s title and/or key questions (hereafter 

referred to as the ‘query tool’) during the interview. The findings of this study are reported in accordance 

with the Standards for Reporting Qualitative Research (SRQR) Checklist.89 Because this information was 

sought in the librarians’ professional capacity, rather than their personal feelings and opinions, this study 

was deemed by the Brown University Office of Research Integrity Institutional Review Board (IRB) to 

not meet the federal definition of human subjects research. Nevertheless, efforts were taken to inform the 
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participants of the nature of the research, offer them the opportunity to quit at any time, and to ensure 

their anonymity and privacy. 

4.2.1 Sample identification and Recruitment strategy 
Eligible participants were medical librarians with experience searching in PubMed. I used purposive 

sampling based on the participant’s work setting. This allowed me to understand a diversity of 

perspectives and to explore the applicability of the query tool in different medical library settings. 

Specifically, I sampled 1) systematic review librarians affiliated with Agency for Healthcare Research and 

Quality (AHRQ)-funded Evidence-based Practice Centers (EPCs) because their jobs fundamentally 

involve working with evidence synthesis teams to design comprehensive search queries; 2) university-

affiliated academic librarians who support medical and public health students because they consult and 

teach literature identification for evidence synthesis; and 3) hospital-affiliated librarians because they 

work with front-line clinicians and policymakers who are implementing evidence-based healthcare. I 

aimed to recruit four EPC librarians, three academic librarians, and a hospital librarian, with a total 

recruitment goal of eight participants.  

Participants were invited via email. Direct emails were sent to U.S. academic and hospital librarians 

known to the author, as well as to the EPC librarian listserv. A brief description of the project, eligibility 

criteria, and contact information were included in the email. The email sent to recruited librarians is in the 

Appendix. Librarians who were willing to participate replied to me via email, and we arranged for a 45-

minute Zoom® call. 

4.2.2 Interview 
First, we created a web-based interface for the query tool.85 The interface is simple with space for the user 

to enter the title and key questions for their review and outputs for the generated queries. Because there 

are two separate models, different queries are generated and appear in the boxes labeled “The query based 

on the title alone is:” and “The query based on the title and key questions is:” A third option for 

developing a query based on the key questions (alone) was presented in the interface but was not used. 

See Figure 4.2.2 for a screenshot of the interface.  
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Figure 4.2.2. Web interface for users to run queries in the fine-tuned Mistral Instruct 7b 
model 

 
Librarians were not sent the query tool before the interviews. They were asked to bring a completed 

search for which they had the topic information, the search they had run, and any citations they used to 

evaluate the quality of their own query. During the interview, they were asked to share their screens and 

pilot the query tool on their topic. The tool generated two queries, one for the model trained on the title 

and one for the model trained on the title plus key questions. The key question only box was left blank 

because we did not train a model on key questions only. The librarian was then asked to evaluate one or 

both generated queries in the PubMed interface and compare it with their manually developed query. As 

they were doing so, I encouraged each participant to reflect on their experiences and asked a series of 

questions in a semi-structured interview format, guided by an interview guide that contained a series of 

questions, adapted from the 2015 Peer Review of Electronic Search Strategies (PRESS) Checklist 

Reviewer Form73 for search strategy peer review.  

The question topics included: 1) How well does the query reflect the translation of concepts to search 

terms? 2) Were Boolean operators used correctly? 3) Were relevant free-text terms appropriately included 

(and rejected)? and 4) Was the query structured appropriately? To address the barriers to uptake 

mentioned by O’Connor et al.,37 a lack of trust in the performance of tools, and difficulty incorporating 

them into current workflows, the interview guide included questions about how the librarian might 

incorporate the query tool into their workflow, whether the query tool would be helpful or harmful for 

non-expert searchers when either beginning to think about a search or preparing to meet with a medical 
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librarian, and how the query tool could be improved to make it more useful. The full interview guide is 

presented in the Appendix. 

4.2.3 Data collection 
On average, the interviews lasted for 45-minutes and were conducted via Zoom® with cameras on and the 

participant sharing their screen. After an initial introduction to myself and the study, I informed the 

participant that all identifying information would be redacted and got their consent to participate and 

record the interview. I then began the recording. At the end of the interview, I invited the participant to 

share any other thoughts. Immediately after the end of the interview, I wrote notes about salient points 

made during the interview and themes that I noticed. These notes were not formalized but were used to 

inform the analysis of the transcripts. Interviews were conducted between February 6 and 16, 2024. After 

the interview, participants were invited to continue experimenting with the query tool and share any 

additional thoughts with me via email.  

4.2.4 Analysis 
I used a modified version of the framework analysis described by Gale et al.,90 based on the framework 

provided by the PRESS checklist,73 which is an adaptation of thematic analysis. Thematic analysis 

focuses on the development of themes, which involves “the systematic search for patterns to generate full 

descriptions capable of shedding light on the phenomenon under investigation.”90  

To ensure participant anonymity, each librarian was assigned a participant number. I transcribed all 

interviews verbatim using the Zoom® automatic transcription tool. I then reviewed each transcript against 

the original recording to ensure the accuracy of the transcripts. I also removed all identifying information 

from the transcript and any subsequent email communication. My notes and all email communication 

after the interview was anonymized and appended to the end of the edited transcript. Finally, I uploaded 

the final anonymized transcripts to the qualitative analysis software NVivo (version 1.7.1), with access 

limited to myself.  

In NVivo, I coded each cleaned transcript by going through it and associating the blocks of text to a set of 

descriptive or conceptual labels, referred to as codes. Coding classified the data and allowed for the 

collocation of the pieces of text across multiple interviews that addressed the same concepts. Prespecified 

codes (deductive codes) were taken from the interview guide. New topics that emerged from the 

interviews were coded separately (inductive codes). The final themes are elucidated in Table 4.2.4, along 

with the underlying codes and whether those codes were deductive or inductive. The text in each code, 

aided by the notes I had taken immediately after the interview, were then charted into a framework 
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matrix, in which the data for each category was summarized into a short description of findings. In this 

way, the PRESS checklist concepts were reduced from four to three, and they were reordered. Most 

saliently, query structure emerged as the most commonly discussed concept, and it inextricably 

incorporated both concept translation and the correct use of Boolean operators. In addition, whether the 

model-generated queries led to appropriate MeSH term mapping within PubMed was discussed often and 

so was included as a PRESS concept that I had not initially thought would be relevant. The final 

summarized categories, with minimal interpretation, became the themes presented in the results, with 

quotes to illustrate as appropriate.  

Finally, I checked the transcripts again to ensure that the themes I had developed made sense in the 

context of the full interviews. I also shared the findings with the participants to ensure that they were 

comfortable with their quotes and to elicit any comments on the findings. Four responded with 

suggestions, which were incorporated into the results. None of these suggestions changed the 

interpretation, but they better elucidated some of the nuances. 

Table 4.2.4. Themes as derived from the coded text 
Theme  Related codes (code type) Definition 
Theme 1: Sensitivity  1. Overall evaluation:  

1a. sensitivity (deductive) 
Is the tool-developed query 
finding the relevant studies? 

Theme 2: Size of the returned 
citation set 

1. Overall evaluation:  
1b. burden (deductive) 

Is the tool-developed query 
finding too many or too few 
citations? 

Theme 3: PRESS checklist 
concepts  

3a. Query Structure  
3b. MeSH Term Matching  
3c. Key Words  

2. PRESS evaluation: 
2a. Translation and structure (deductive) 
2b. Boolean and proximity (deductive) 
2c. Text words you would add (deductive) 
2d. Text words you would remove (deductive) 
2e. MeSH (inductive) 

How does the query tool perform 
in relation to the quality 
measures included in the most 
common search query peer 
review framework? 

Theme 4: Usefulness to 
searchers  

3. Usefulness (deductive) 
3a. for non-expert searchers (deductive) 
3b. for librarians (deductive) 

What are the ways in which the 
query tool is useful to librarians 
and how do they think it might be 
useful (or dangerous) for non-
expert searchers? 

Theme 5: Future directions  
5a: Better training searches 
5b: Split by PICO element  
5c: Interactivity 

4. Future directions (deductive) 
4a. Improve training data (inductive) 
4b. Train on different data (inductive) 
4c. Post-processing (inductive) 

What are some suggestions on 
how to improve the query tool to 
make it more useful? 

Abbreviations: MeSH=medical subject headings, PICO = Population, Intervention, Comparator, Outcome, PRESS= 
Peer Review of Electronic Search Strategies 

4.3 Results 
I recruited eight experienced medical librarians, including four AHRQ EPC librarians, three academic 

librarians, and a hospital librarian. All agreed to participate. Across respondents, the median number of 

years working as a librarian was 19 (range 5-25) and the median number of searches done per year was 35 
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(range 20-250). Each librarian tested between one and three topics. The search topics varied widely, 

including the following: 

• Reproductive health 
• Violence 
• Cancer 
• Mental health  
• Pain management 
• Acupuncture 
• Child development 
• Irritable bowel syndrome 
• Cognitive functioning 
• Medical cannabis 

Because the sample of each librarian type was small (one to four librarians), I could not attribute any 

specific themes to a specific librarian type. Thus, the themes below generally reflect opinions of the full 

group. 

4.3.1 Theme 1. Sensitivity  
The librarians considered overall sensitivity to be “pretty darn good” [participant 1]. Several librarians 

agreed that the tool-developed queries might be useful in identifying relevant studies (as seed citations) 

that could be used in search query development. In some cases, the librarians were able to compare the 

tool-generated searches against a set of known relevant citations (seed citations). In looking at the seed 

citations that the tool-based query missed, one librarian commented: 

“I can't say … that I found a single real article in [the missed citations] that focused on 
glioblastoma [the search topic]. So, I think that's pretty darn good.”[Participant 1] 

Another agreed, noting: 

“Executing a search in the tool using just the title retrieved 25 of 26 citations, and the 
one not retrieved is a narrative review that would potentially only serve as background 
material.”[Participant 4] 

A third librarian, in looking at the first page of the results, commented that several were likely to be 

relevant, although they did not formally check that this search retrieved all the articles they found to be 

relevant. 

“I am seeing what possibly could be relevant abstracts. For example, I know that this one 
here is actually one that I sent off to the requester, because it hits most of the hot 
spots.”[Participant 8] 
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This seemed to give the librarians a sense that the query tool could be useful to them, but they did note 

that the strategies generated by the query tool retrieved too may citations to be immediately useful. 

4.3.2 Theme 2. Size of the returned citation set 
The librarians were unanimous that the size of the retrieved corpus with the tool-generated queries was 

too large: “it's also retrieving way, way, way, way too many citations.” [Participant 7] Across interviews, 

the numbers of citations found ranged from 2 to 10 times larger than the librarians’ original search 

queries. 

However, as they examined the queries in detail, the librarians noted that it would be easy to bring the 

numbers down by adding quotation marks or adjacency tags; methods, date, and other related validated 

filters; and/or by removing words and acronyms that increase the number of irrelevant citations retrieved: 

“Pain by itself, of course, will blow [the search] up and may or may not bring in articles 
that are going to address [pain] management. … Librarians, we look at this, and we 
know immediately how to tighten it up right, how to make it run a little more efficiently 
[and] get rid of noise.”[Participant 6] 

4.3.3 Theme 3. PRESS Checklist 
The following sections describe some of the ways in which the tool-generated queries performed well and 

not so well, in the domains set out in the PRESS Checklist.73 

4.3.3a Subtheme 3a. Search Structure 

Because the interface links to two independently trained models, it returns two similar but distinct 

queries. Although not required to, all the librarians played with both searches, comparing them to each 

other and to their original search queries for the topic. For several topics, the query tool was able to 

generate queries with the concepts appropriately defined, as one librarian summarized: 

“It does a half-decent job with…mapping the question to a basic search, at least 
identifying what are the different chunks”[Participant 7] 

Nevertheless, the query tool struggled with complex topics or implicit concepts, often missing conceptual 

chunks that could be used to decrease the number of search results returned. For example, in a search 

about history of trauma and reproductive health screening, the tool-generated query missed the implicit 

connection between history of trauma and screening behavior: the person’s attitude toward health 

services. This attitude mediates the relationship between trauma and willingness to be screened and was 

an implicit aspect of the review topic. The librarian included a series of terms for this concept, which was 

combined with the other concepts using AND, which served to reduce the number of identified citations.: 
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“It's not stated in the question. So that's more of something that it's kind of like an 
invisible third. There's a history of trauma and there’s reproductive health screening, but 
the missing connector between those is the attitude towards the health 
services.”[Participant 7] 

A few librarians suggested that the title and key question searches could be used together by mixing and 

matching concepts, taking some of the terms and even conceptual pieces from each and putting them 

together into a new query: “So one of the takeaways from this is, you've gotta play with both 

searches.”[Participant 5] 

4.3.3b Subtheme 3b. Medical Subject Heading (MeSH) Term Matching 

Because the models were trained on data stripped of field tags, the queries rely on PubMed’s interface to 

match the keywords provided with the appropriate MeSH terms. This may be a flawed strategy. With few 

exceptions, when the queries were copied into the PubMed interface and the “search details” were 

examined, the librarians agreed that the key words were correctly mapped to relevant MeSH headings, but 

they were also mapped to many irrelevant headings. In one example, on mental health screening for 

children, the tool-generated query’s terms for screening prompted PubMed to match it to a MeSH term for 

cancer screening: “Early Detection of Cancer”[Mesh].  

“So, it's kind of overmatching to MeSH terms … there's kind of a known issue in PubMed 
with the specificity of the terms applied by [PubMed’s machine learning models for 
MeSH term matching].”[Participant 2] 

4.3.3c Subtheme 3c. Keywords 

Most of the librarians identified keywords that were missing from the tool-generated queries but included 

in their queries for the topic. In most cases, the queries captured the obvious terms, but missed ones that 

were perhaps not as immediate. As one librarian noted, 

“[I had] to sit down and map out all of the various ways in which one can be 
traumatized. So, there's many more [terms] that I had grabbed… It's missing a lot of 
those, like domestic abuse and intimate partner violence, sexual crime, that sort of 
thing.”[Participant 7] 

In some cases, the tool-generated search query simply returned permutations of the same term:  

“And then, here, “acupuncturation”. Is that actually a word? Okay. acupuncturists or 
acupuncturers or acupuncture or acupunctures. I mean, there's a lot of different 
variations of this word I would not have included. So, I would have excluded these 
terms.”[Participant 8] 

However, for some topics, the tool-generated queries suggested, if not novel terms, terms that could be 

helpful in the initial design of the search: 
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“I really like that. It found all the different … style of guns. When I first started 
developing my own search strategy, it sounds silly, but it didn't immediately come to me 
to think of pistols or revolvers or rifles. [Those terms were] added after looking through 
other types of searches and other things related to it. … So that's pretty 
helpful.”[Participant 5] 

This suggests that there may be some benefit to searchers in using the query tool. To explore this further, I 

asked explicitly about how useful the query tool would be to librarians and to other, less experienced, 

searchers. 

4.3.4 Theme 4. Usefulness to searchers 
The librarians suggested that the query tool could be useful to trained searchers, but there was a strong 

concern that inexperienced searchers may not critically appraise the output prior to executing the search. 

Overall, it seemed that the consensus was the query tool was useful as a “sandbox” or a place to discover 

terms and create queries to explore in PubMed and other database interfaces:  

“This is a sandbox right. like this is not a search generator. … AI tools in general are 
doing is summariz[ing] topics. … This is where, you know, go to play around. [But users 
need to have] the mindset that [they] need to either talk to a librarian or apply a little 
critical thinking, too.”[Participant 6] 

Librarians described the query tool’s usefulness, particularly at the beginning of the search process in 

identifying relevant terms and possible search structure: 

“I probably wouldn't just put this in and run it, but putting it in and [thinking] ‘oh, I 
didn't even think about reproductive coercion; that's not a term I used in my search.’ … I 
think it's got a lot of promise at the basic level of just helping you identify 
terms.”[Participant 3] 

Another librarian suggested that due to the tool-generated queries’ relatively good sensitivity and in use 

with features like PubMed’s Best Match, these queries could be useful in scoping a topic: 

“So, we do a lot of scoping on a daily basis. And then also, we have a team of seven 
librarians. I can see how something like this would help to standardize our process, so 
that we're all kind of at the same starting point and using the same tool to at least do 
scoping. I could see that this would actually speed up our scoping quite a bit, … [and] 
potentially streamline PubMed searches – simplify them in a way. We often over-
complicate search strings in an effort to approach a topic from all angles.” 
[Participant 4] 

Nevertheless, one librarian noted that it would not be worthwhile to add it to their workflow, because the 

added burden of scanning through the identified citations would not be worth the time savings of not 

having to design a search. 
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“I would not want to work with the searches that it spit out, because they're too broad 
and irrelevant. I don't have enough time in the day to run through a ton of irrelevant 
abstracts.”[Participant 8] 

Moreover, most librarians were less comfortable with the idea of inexperienced searchers using the query 

tool. Their concerns were largely centered around the possibility that a novice searcher might take the 

query tool output as the final product rather than as a starting point: 

“I think it could probably go both ways, to at least get them started on search term ideas 
but also potentially … instill in them too much false confidence. Because PubMed will do 
automatic term, mapping, etc., they [might think] that this is all that they would need, and 
they don't really need to look it over too much. Would they realize that this is not the end, 
like they need to have stuff done to it, to play around with it?”[Participant 5] 

Another librarian compared this behavior to that being seen with the increased use of generic large 

language models, such as ChatGPT, and the potential for the promulgation of substandard research. 

“When people use [Chat]GPT right? Then they're like, ‘Oh, this is perfect. I'll just copy 
paste this in.’ It doesn't matter if there's hallucinations; doesn't matter if stuff has been 
made up; doesn't matter if things are incorrect. And then they're basing their review on 
whatever came back. … I've seen this happen a lot with manuscripts where peer 
reviewers for the journals don't have a clue about how to build a good search strategy. 
So, they're looking at this and being like, ‘I guess, it’s the best search strategy. And then 
it's getting published. … It's kind of a slippery slope you know. I feel like that's the crux of 
the whole issue: if we build it, will they come? But also, will they then have too much 
confidence in the tool itself?”[Participant 6] 

The consensus was summarized well by Participant 3, “At its current state, it's probably best used by 

people who know its limitations.” Another librarian also summarized this usefulness to experienced 

searchers particularly well. 

“I guess there's two different kinds of people, someone who can look at this, and only use 
it exactly as presented, which isn't bad. It looks like it covers [this] topic pretty well. … 
But then there are other people who can look at it and spend a little bit more time, and 
say, ‘let me take from this what's useful,’ and I think it would be really helpful in that 
instance.”[Participant 1] 

The academic librarians, in particular, expressed that they are overburdened with reference requests for 

reviews, and a query tool like this might be useful in getting a reviewer started or a student prepared for a 

reference interview with a trained librarian. 

“I think this could be good pre-work for folks getting started on a project, especially if 
they try the search, and maybe they put it in PubMed and say, ‘Hey. This is the search 
that I started with. But I don't understand why I'm getting … all of these trauma results?’ 
We could take a look and modify it from there. I think it's better than starting from 
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nothing. … I think this would be great for students learning like how searches 
work.”[Participant 7] 

As it appeared that the librarians recognized the potential benefits of integrating tool-generated searches 

into their workflows, I inquired about how they would like to see this type of tool evolve.  

4.3.5 Theme 5. Future directions to improve utility 
The feedback on how to improve the query tool's usefulness can be summarized into these three general 

suggestions: (a) training the query tool on better queries, (b) training the query tool on PICO elements and 

having the interface split the results by search concept, and (c) using post-processing to better emulate a 

librarian’s role in a reference interview. 

4.3.5a Subtheme 5a. Better Training Searches 

All the librarians agreed that the queries currently produced by the tool were too broad and generic. A few 

suggested training the query tool on validated hedges. A validated hedge or filter is a query that has been 

explicitly designed to capture a concept, such as a publication type (e.g., randomized controlled trials) or 

clinical topic (e.g., Covid-19).  

“[You could use] a search hedge, search filter … but I'm also thinking about your 
organizations that produce clinical practice guidelines. … That would be a good way to 
get some really high-quality searches on specific topics.”[Participant 3] 

A few librarians proposed making the interface bidirectional, so that librarians could submit their final 

searches to be used to refine the models, or tapping into existing search repository archives as a source of 

higher quality searches than those published in PROSPERO, but again there was the concern of “who's 

peer reviewing the searches that are going to train the model?”[Participant 6]  

4.3.5b Subtheme 5b. Split by PICO (Population, Intervention, Comparator, Outcome) Element 

Several librarians suggested that the query tool might perform better if trained on PICO-based keywords, 

rather than titles and entire key questions. They also suggested that the interface be modular, allowing the 

user to “paste in your population, paste in your intervention …  because it seems to do better with some 

concepts than others.”[Participant 3] This would potentially lead to a more modular output, where 

“Maybe if it fails to accurately map the question into an overall strategy, you could still kind of work with 

the pieces” [Participant 7]. One librarian suggested that it would be helpful to have the query tool break 

up the query by concept, as well as including the full query. 

“Break it into sort of two or three basic things … [because] it's not doing some of the 
more advanced techniques like nesting. ... Let's say you did break it out. And you had 4 
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boxes show up based on your PICO. Then would there be another section where it put 
them all together so that someone could copy and paste it into PubMed.”[Participant 6] 

4.3.5c Subtheme 5c. Interactivity 

Finally, several librarians suggested that the query tool could benefit from increased interactivity, which 

could be achieved in two ways: first, the tool could incorporate basic post-processing features (e.g., 

automatically suggesting MeSH terms based on keywords) or enabling the automatic addition of validated 

method filters (e.g., the Cochrane RCT filter). 

“I can see [it] being useful to have an off the shelf … “click here to limit to RCT 
filter.””[Participant 3] 

The second form would be to replicate a reference interview, where the query tool could elicit explicit 

input from the user to better develop the query, probably at least in part by better leveraging the PICO. 

“If there is a way to have it [have] almost a brief interactive reference interview of sorts 
… and then is able to pull the key concepts out of that.”[Participant 6] 

Another way this could work would be by eliciting a set of relevant articles: 

“So maybe keywords, or … PMIDs, seed-article type things. So, to have it read the seed 
article, pull relevant terms, and then put them [in the query]. … That’s the mental process 
that I do: I take the title or the question, pull out some of the key things, and then look at 
seed articles or other reviews to fine tune, adding stuff or removing. So, I think that could 
be a good option.” [Participant 5] 

4.4 Discussion 
4.4.1 Summary 
These semi-structured interviews with eight librarians about a query tool that would generate search 

queries based on titles and key questions leads to three takeaways.  

First, the queries developed are sensitive enough to be a good starting point in the search development 

process. For the most part, they correctly identified the relevant concepts and produced initial keywords. 

The comparably large number of citations they return is problematic but may be ameliorated by re-adding 

quotation marks, standard vocabulary (MeSH terms), field terms, and filters. A few of the librarians tested 

this and did find that the numbers were reduced, but we did not assess it formally. Additionally, ranking 

algorithms, such as PubMed’s Best Match algorithm,82 may be useful in prioritizing relevant results.  

Second, the tool-generated queries are not an end point in and of themselves. They lack both the 

necessary sensitivity and precision to be used without scrutiny. Every librarian stated that it would be very 
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important to educate users, particularly non-librarian users, about this limitation. It is, however, possible 

that it could be used as a teaching tool or a place for non-expert searchers to start. 

Finally, the librarians proposed interesting suggestions for future development of this technology. These 

included training on better data, allowing for modular searches by concept, and adding interactivity to 

better mimic the reference interview, as well as algorithmic post-processing to assist in the process of re-

applying quotation marks, standard vocabulary (MeSH terms), field terms, and filters. 

4.4.2 Limitations 
This project was exploratory and therefore relied on librarians with whom I was familiar. This means that 

the results may not be representative of librarians in different settings or countries or with different foci. 

Because of the small sample of librarians, I did not explore the ways that different settings (research, 

academic, and hospital) affected the librarian’s reaction to the query tool, but I think this would be of 

interest. Nevertheless, the librarians were experts in the field with many years of experience, which made 

them uniquely able to provide thoughtful and informed input that is helpful in determining next steps in 

the effort to leverage AI in the identification of studies for evidence synthesis. Secondarily, the fact that I 

did the interviews and analyses alone is likely to have led to both flaws in practice and bias. Although, I 

consulted with experienced qualitative researchers and incorporated their feedback in the design, 

execution, and reporting of this study, it would have been better to work with a team with whom I could 

debrief about the coding and discuss such issues as (1) the decisions regarding the matrix and (2) the 

translation of codes to matrix elements to themes. 

4.5 Conclusions  
All the interviewed librarians indicated that they are very busy, with large numbers of requests for search 

query design help, either from review teams (EPC librarians), students (academic librarians), or clinicians 

(hospital librarian). All librarians also indicated interest and openness to technology that could improve 

the search query design process. Although none felt that this query tool was ready to be incorporated into 

their current workflows, they had useful suggestions for future development based on their expertise in 

designing search queries and teaching others to do so. Future research should involve incorporating some 

of the suggestions to improve the tool’s usability and performance and continuing to “check in” with 

librarians and other users as the technology evolves to ensure that tool development remains appropriate 

for current practice. This has been done very successfully in the integration of natural language 

processing in abstract screening, in that review teams are beginning to incorporate machine learning to 

reduce abstract screening workload.  



 

 66 

In addition to continuing to incorporate expert medical librarians in evaluating the usefulness of query-

design tools, future work should reach out to others in the field, including systematic review 

methodologists and students, with whom librarians work, to include them in the development process and 

establish how the tools might be most useful to them. Finally, conversations with users can guide 

implementation of tools, such as how best to incorporate post-processing steps, and whether a tool could 

be integrated with a database to enable simultaneous query refinement and abstract screening.  

These areas of research are changing and expanding rapidly. It will be critical to continue to incorporate 

users in the development of tools to ensure that research effort is not wasted and that the tools are best 

suited to use by their intended audience. 
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APPENDIXES SPECIFIC AIM 1 

Email sent to survey recruits 
As a part of my dissertation research, I am seeking your input as a user or developer of systematic review 
literature identification tools and methods. We hope to define appropriate sets of metrics for the 
performance of methods of literature identification for systematic reviews (searching and screening). 
  
https://brown.co1.qualtrics.com/jfe/form/SV_9ypzoMjwqt4QqOO 
  
The survey should take about 15 minutes, and, upon completion, you can choose to submit your email 
address for a drawing of a $100 gift card or to have $100 donated to the charity of your choice. Your 
email will not be linked to your responses, and all responses will be summarized in aggregate. 
  
Background: 
  
Based on recent systematic reviews of semi-automated methods for literature identification, we identified 
over 40 metrics that were used in at least one paper to assess the ability of a tool/method to identify 
relevant studies and exclude irrelevant studies. 
  
The goal of this project is to establish which metrics are most useful to both tool/method users and 
developers, and which would be most intuitive to a general audience. 
  
This survey includes 18 of the 40 identified metrics, whose calculations are based on 2 by 2 tables. You 
will be asked to indicate your preference, as a professional in the field, for different metrics to evaluate 
the effectiveness of literature identification (search design or screening prioritization) methods. There are 
no "right" or "wrong" answers; you should simply indicate which metrics you prefer. 
  
https://brown.co1.qualtrics.com/jfe/form/SV_9ypzoMjwqt4QqOO 
  
Thank you very much in advance for your input. If you have any questions, feel free to contact me 
at gaelen_adam@brown.edu. 
  

https://brown.co1.qualtrics.com/jfe/form/SV_9ypzoMjwqt4QqOO
https://brown.co1.qualtrics.com/jfe/form/SV_9ypzoMjwqt4QqOO
mailto:gaelen_adam@brown.edu
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Appendix Figure 1. Results of LASSO regression and cross validation on the model with 
all possible interactions 

 LASSO regularization  

Complete responders Librarians Systematic Reviewers Legend 

   

 

 Cross validation 

Complete responders Librarians Systematic Reviewers 

 
  

Legend: Left plot shows lines for the log odds ratio of each attribute and interaction from no regularization penalty 
for model complexity at left to maximum penalty at right. Several attributes can be seen to converge to 0 before the 
best model. The right plot shows the cross-validation results, again with the full model at left and the model with 1 
variable at right. In this plot the left vertical dashed line shows the regularization parameter value (l=0.20) for the 
best model, and the right dashed line shows the regularization parameter value (l=3.65) for the most parsimonious 
model within 1 standard error of the best model. 

Appendix Table 1. Results of LASSO and cross-validation analysis 
 Complete responders Librarians Systematic reviewers 
Attribute Best 

model, 
OR 

Most 
parsimonious 
model within 1 
SE of best 
model, OR 

Best 
CV 
model, 
OR 

Most 
parsimonious 
model within 1 
SE of best 
model, OR 

Best 
CV 
model, 
OR 

Most parsimonious 
model within 1 SE 
of best model, OR 

1 (number vs. 
ratio of relevant 
records 
correctly 
identified) 

1.75 1.73 1.38 1.68 2.36 1.99 

2 (dependent on 
prevalence) 

0.77 1 0.5 1 1 1 

3 (explicitly 
weights 

0.85 0.96 0.62 1 0.66 0.97 
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 Complete responders Librarians Systematic reviewers 
Attribute Best 

model, 
OR 

Most 
parsimonious 
model within 1 
SE of best 
model, OR 

Best 
CV 
model, 
OR 

Most 
parsimonious 
model within 1 
SE of best 
model, OR 

Best 
CV 
model, 
OR 

Most parsimonious 
model within 1 SE 
of best model, OR 

sensitivity and 
workload) 
4 (increases 
linearly with 
workload) 

1.33 1.43 1.29 1.87 1.34 1.29 

5 (changes 
slowly under 
class 
imbalance) 

1 1 0.43 1 0.95 1.07 

Interaction of 1 
and 2 

1.12 1 2.23 1 1.15 1 

Interaction of 1 
and 3 

1 1 0.47 1 0.60 1 

Interaction of 1 
and 4 

1 1 1 1 1 1 

Interaction of 1 
and 5 

1 1 1.16 1 1 1 

Interaction of 2 
and 3 

0.93 1 1 1 1 1 

Interaction of 2 
and 4 

1.33 1 1 1 1.02 1.09 

Interaction of 2 
and 5 

1 1 1 1 0.81 1 

Interaction of 3 
and 5 

1.35 1 4.89 1 2.95 1 

CV = cross validation; OR = odds ratio; SE = standard error 
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APPENDIXES SPECIFIC AIM 3 

Interview guide 
Questions 

1. Which of the three searches did you choose to evaluate? 
a. Title only 
b. KQ only 
c. Title + KQ 

2. When you ran the search in PubMed 
a. Did it trigger an error? Y/N If Y, which 
b. How many citations were returned 
c. When compared with the seed citations,  

i. What proportion of the seed citations did it capture? 
ii. Were there any surprises/comments (e.g., did it do better/worse than expected)? 

iii. If you added appropriate search filters, would the number be reasonable for your 
team to screen? 

3. Looking more closely at the search terms 
a. Translation:  

i. Are all concepts covered? Y/N If N, what concepts are missing? 
b. Boolean and Proximity operators:  

i. Could you easily match the terms with correct MeSH terms (direct them to look 
at advanced search)?  

ii. Would you change any of the simple Booleans to proximity operators would you 
turn any into phrases? 

c. Text words:  
i. What text words would you add?  

ii. What would you remove? 
d. Structure:  

i. Would you change the structure? Y/N If Y, in what way 
4. Based on your draft/final search for this topic for comparison 

a. Would you change your search in any way based on this output? 
5. Do you think this tool would be helpful or harmful for non-expert searchers in either beginning to 

think about a search or preparing to meet with a medical librarian? 
a. Would you use it as a starting point (why/why not)?  

6. How can we improve this tool to  make it more useful to you? 

Email sent to survey recruits  
For the final piece of my dissertation research, I am looking for recruits to spend an hour on Zoom with 
me sometime in the next 6 weeks, evaluating an AI model trained to create search strategies based on 
titles and key questions.  
 
This would be in your professional capacity (i.e., I will not be collecting any personal information), and I 
would request that you have a search for which you have a final (or nearly final) PubMed search strategy 
and a set of seed citations that you would test the search strategy against.  
 
If you are interested, please email me at gaelen_adam@brown.edu. 

mailto:gaelen_adam@brown.edu

